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Abstract
Cereal grains provide over half of the total calories for human and animal nutrition. Sorghum
[Sorghum bicolor (L.) Moench] is the fifth most important cereal grain in the world and a source of
staple for over half a billion people in the semi-arid tropics. As human population is projected to
become nine billion by middle of this century, crop production needs to increase by 70% to 100% to
meet the increasing demand for food. The advancement in genomic technologies and their application in breeding has potential to assure food security. The objectives of this study was to explore
application of whole genome markers in identifying marker trait associations, potential gene candidates associated with the traits, and evaluating prediction performance of whole genome regression
models in sorghum. Grain yield and grain composition traits measured in multiple environments
and populations were used in model training and cross-validation of prediction performance using
different statistical approaches. In general, genomic prediction for grain yield components and grain
composition showed moderate to high accuracy depending on trait genetic architecture. Prediction
accuracy of yield components declined when population structure was controlled. Race explained
upto 50% of covariance for grain and panicle traits, and subpopulation with high genetic diversity
had higher prediction accuracy. The prediction accuracy of grain composition for multi-trait model
increased by 30-40% on average over single-trait model, suggesting multi-trait models using traits
strongly correlated can increase genetic gain. A novel genomic association for starch was identified
∼52 Mb of chromosome 8, and five out of six associated variants were located within a heat shock
protein 90, Sobic.008G111600. Multivariate association for starch and protein identified additional
variants around 60 Mb of chromosome 4, including one within 5’UTR of a fatty acid desaturase
gene, Sobic.004G260800. Our results show genomic prediction can improve accuracy of selection in
sorghum breeding and multivariate analysis of correlated traits can benefit association and prediction
models.
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Chapter 1

Introduction
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1.1

Background
This century is going to be defined by two important paradigms, one opportunity and the

other a challenge. Both are unprecedented in the history of our species and were brought about by
our species. The opportunity is that we are technologically the most advanced civilization that we
know of, and as a species we are capable of overcoming the direst of circumstances. The challenge
is, sadly, us as an entity of nature and our impact in our environment in the light of our own
survival. As a crop scientist, I am going to illuminate on these paradigms from the perspective of
crop improvement.
Agriculture has been the foundation of our civilization. The domestication of crops led
to the surplus of food and changed life style and culture of our species. In the last four decades
of the twentieth century, the total food production was doubled despite decline in total farming
population and farmed land (Khush, 2001). While several factors such as agronomic practices and
assess to fertilizers and pesticides played a significant role in these, genetic improvement was a major
contributor to increased crop yield potential and stability (Khush, 2001). In my undergraduate class,
’Introduction to Plant Breeding’, we defined plant breeding as an art and science, and it is probably
still considered to be so by many plant breeders. However, a large number of plant breeders will also
agree that, with increased role of genetics and statistics, plant breeding today has definitely shifted
heavily towards being more of a science than art. Furthermore, the accessibility to whole genome
marker data due to the decline in sequencing cost and powerful statistical learning tools in modeling
genetic data has resulted in increasingly data-driven plant breeding methodology.
Human population has quadrupled in less than a century, and a rapid improvement in
agricultural practices, technology and germplasm was required during the mid-twentieth century to
feed the growing population (Khush, 2001). As population grows to a projected 9 billion by 2050,
we will, yet again, need to double our current food production to meet the demand (Godfray et al.,
2010). While increasing the yield potential is already difficult, it is going to be even more daunting
as climate change is rendering the planet hotter and drier.
Here in my doctoral dissertation, I am going to discuss a crop that is an important staple
for hunger-striven semi-arid tropics and plant breeding tools that have started a new paradigm in
plant and animal breeding. The opportunities this crop and these genomic tools provide will be
crucial in efforts to overcome the challenges of hunger in this century.

2

1.2
1.2.1

Sorghum
Origin, domestication, and evolution
Sorghum, a genus in the grass family poaceae, belongs to the Andropogoneae tribe which

is popular for its C4 photosynthesis (Paterson et al., 2009). Ancestral sorghum genome diverged
from the ancestor of rice genome around 50 million years ago (mya) (Wolfe et al., 1989) and the
ancestral maize genome about 11.9 mya (Swigoňová et al., 2004). The genus Sorghum, after splitting
from its progenitors, has undergone several domestication and diversification events giving rise to
several species within the genus. However, the term ’sorghum’ is commonly used to refer to the
cereal crop species Sorghum bicolor (L.) [Moench]. The oldest record of cultivated sorghum is
the charred remains of sorghum seeds discovered during archaeological excavations at Nabta Playa
site near the Egyptian–Sudanese border (Wendorf et al., 1992). The seeds were dated to be from
about 8,000 years before present (bp) and consisted of several wild as well as domesticated races
of sorghum (Dahlberg et al., 1996). Based on the archaeological evidence and genetic diversity,
the Sahel region of sub-Saharan Africa is considered to be the region where early domestication of
cultivated sorghum occurred (Kimber et al., 2013). However, after domestication, further migration
and adaptation of early sorghum domesticates continued across Africa and Asia (Figure 1.1A). The
evolution of morphologically and geographically diverse groups, that are classified into five major
races and 10 intermediate races, are hypothesized to be the result of evolutionary diversification
of early sorghum domesticates due to such demographic events (Harlan et al., 1976; Harlan et al.,
1972). The panicle and grains of sorghum belonging to different races can vary widely in shape
and sizes, and are commonly used as means for racial classification (Figure 1.1B) (Harlan et al.,
1976; Kimber et al., 2013). The five major races of sorghum are bicolor, caudatum, durra, guinea,
and kafir. Among these races, bicolor is thought to be the most primitive and possibly the earliest
domesticate that diversified into various racial types because of its widespread distribution across
all sorghum growing regions of the world (Kimber et al., 2013). The evolution and diversification
of panicle architecture among different sorghum races is an example of adaptation of cultivated
sorghum (Morris et al., 2013). For example, guinea races that are adapted to west Africa, with high
rainfall and humid climate, have wider panicles with pendulous and open branches, whereas, durra
sorghum that evolved in arid regions of southern India has more compact panicles. The distinct
demographic history and morphological diversification of sorghum has led to different crop ideotype
3

for different sorghum growing regions.

1.2.2

Cultivation and importance
Sorghum has been cultivated in the African continent since domestication of the crop and

in Asia since its introduction through migration. Sorghum is a drought-tolerant crop requiring
little input during growth but has the potential to yield better with good husbandry. The first
sorghums introduced to the United States (US) were carried across the Atlantic with the slave-trade
and reached US via the Caribbean islands (Doggett, 1988). By the late nineteenth century African
landraces were grown in the US by the names of Milo maize, Guinea kafir, and Gyp corn (white
durras). Because these cultivars were too tall and late maturing to be of much use, farmers selected
and multiplied lines with mutations affecting height and maturity (see more in Doggett, 1988). The
early African landrace introductions leading to grain sorghum development included Blackhull Kafir
(1890), Feterita (1906), Giant Milo (1879), Hegari (1908), Pink Kafir (1904), White and Brown
Durra (1874), and White and Red Kafir (1876) (Maunder, 2000). Today, sorghum is predominantly
grown in the high plains of west Texas, Oklahoma, Kansas and Nebraska. Among all countries,
US is the largest producer of sorghum grain (9.28 million tons) followed by Nigeria (6.86 million
tons), however, Nigeria (6 million hectares) had three times the area harvested compared to US
(FAOSTAT, 2018).
Sorghum is traditionally grown as a crop with diverse end-uses such as food, feed, fiber,
fuel, and forage (Doggett, 1988). In vulnerable regions of semi-arid tropics of Africa and South
Asia, sorghum is a staple source of nutrition for over half a billion people (Mace et al., 2013). While
most of the sorghum grown in Africa and South Asia is consumed as a food staple, the sorghum
produced in industrialized economies such as US and Australia is predominantly used as animal
feed for the livestock industry. Nonetheless, as a starch-rich gluten-free grain with nutraceutical
properties, sorghum is gaining popularity among food and beverage industries as a speciality crop
(Taylor et al., 2006; Zhu, 2014). Sorghum has also gained popularity as a bioenergy crop due to its
potential for high biomass accumulation and sugar retention in stalks (Brenton et al., 2016).

4

Figure 1.1: A: Possible origin and diversification of sorghum races and possible routes of migration.
Adopted from (Kimber et al., 2013). B: Morphological diversity in panicle architecture of sorghum
cultivars from different races.

5

1.2.3

Germplasm, genomic resources and breeding
Sorghum is a diploid species (2n = 20) with a sequenced genome consisting of ∼730 Mb

of DNA (Paterson et al., 2009). Although some sorghum can have high outcrossing rates (as high
as 40%), sorghum is predominantly self-pollinating (Doggett, 1988). The higher outcrossing rates
are observed in races, guinea and bicolor, that have open panicles and florets (Djè et al., 2004).
The level of linkage disequilibrium (LD) is relatively low compared to other self-pollinated cereal
crops, which results in high resolution of LD based genetic mapping almost to the gene level in
some genomic regions (Hamblin et al., 2004; Mace et al., 2013; Morris et al., 2013). The community
efforts to generate and curate sorghum genomic resources will help us understand the effects of
genotype × environment × management, therefore, allowing better utilization of germplasm and
genetic resources for crop improvement (Boyles et al., 2019).
The worldwide collection contains over 100,000 sorghum accessions, including approximately
45,000 accessions in the United States Department of Agriculture, National Plant Germplasm System
(USDA-NPGS). While these diverse collection of germplasm with extensive genetic potential are still
largely untapped, a need to broaden the genetic diversity of US sorghum breeding gene pool was
realized during the 1960s in the form of the sorghum conversion program (Stephens et al., 1967). The
sorghum conversion program, initiated by the USDA in cooperation with Texas A&M University, has
introduced novel genetic variation from exotic tropical germplasm by converting selected tropical
genotypes to temperate adapted, photoperiod-insensitive lines with short stature (Adams, 1995).
This program created germplasm that are not only early maturing but through introgression of
dwarfing loci (dw ) made sorghum production amenable to mechanical harvesting. The conversion
program has been reinstated to convert more tropical sorghum germplasm for US sorghum breeding
(Klein et al., 2016). While this ongoing initiative has been the staple source of germplasm for
several public and private breeding programs in temperate regions, the conversion of tropical lines
through repeated backcrossing is an expensive and labor-intensive process. Therefore, only about
1000-1500 lines have been converted through this program (Bob Klein, personal communication,
2019). Advances in genomic and computational capabilities, however, present new opportunities
for effective germplasm screening and selection strategies to exploit novel genetic variation in prebreeding and population development (Yu et al., 2016).
The cytoplasmic male sterility (CMS) system in sorghum was identified and understood
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during the 1950s (Maunder et al., 1959; Stephens et al., 1954). The CMS in sorghum is determined
by interactions between the mitochondrial gene in cytoplasm of milo type and nuclear gene of kafir
type. This mechanism has been used in breeding and production of hybrid sorghum since the 1960s.
The CMS system requires three distinct lines, viz. male sterile female (A), maintainer female (B),
and restorer male (R). Since A and B lines have identical nucleus but different cytoplasm, A lines
are maintained by crossing using pollen from B lines which lack the fertility restorer genes. Two
separate gene pools, female lines (A) and male restorer lines (R), are used for commercial seed
production and to exploit the hybrid vigor in sorghum. New A lines are created from genotypes
with non-restorer nucleus by introgression of male sterile cytoplasm by crossing with CMS donor and
then subsequently backcrossing to the desired genotypes. By early 1960s, over three quarters of the
sorghum grown in the US were F1 hybrids (Maunder, 2000). This technique has made hybrid seed
production in sorghum feasible and sorghum probably wouldn’t have been a hybrid crop without
the CMS. However, effectiveness of CMS is limited by the available R lines and the narrowing
of diversity in cytoplasm could have huge repercussion if the male sterile (mostly A1) cytoplasm
were to be susceptible to a disease epidemic as happened for Texas cytoplasm in maize (Levings,
1990). One potential alternative to CMS could be the availability and commercial success of effective
gametocides for sorghum (Boerman et al., 2019).
Despite these efforts the large amount of genetic diversity is still untapped, and only small
proportion of the converted lines are actually used in breeding programs. For example, the ideotype
for grain sorghum breeding in the US has predominantly been the intermediate race kafir-caudatum,
which is not surprising especially because of the yield potential and panicle architecture of this racial
type (Kimber et al., 2013). However, a breeding program today doesn’t have to rely on such narrow
range of diversity, especially during population development, because of the genomic tools that are
available for making selection based on genomic markers.

1.3

Genomics-assisted breeding
Although annual gain in crop productivity has increased over the last century for major

cereal crops, the current rate of gain is insufficient considering the rate of population growth and
subsequent demand for food in the next couple of decades (Ray et al., 2012). Productivity is affected
by various factors including agronomic practices, biotic and abiotic stresses, and cultivar selection.
7

Genetic gain is the quantitative genetic measure of increase in performance achieved through artificial
selection, and is commonly used in animal and plant breeding programs as a measure of annual gain
in productivity (Xu et al., 2017). The expected genetic gain is often defined as:

∆G =

i × r × σA
t

(1.1)

where ∆G is the rate of genetic gain, i is the intensity of selection, r is the accuracy of
selection, σA is additive genetic variance, and t is time taken per breeding cycle. The genetic gain
can be increased by increasing the genetic diversity, increasing the efficiency of selection (i × r ),
and increasing breeding cycles per year. A recent technique called ’speed breeding’ has been shown
to increase genetic gain by maximizing number of breeding cycles per year (Li et al., 2018).
The routine use of marker-assisted selection (MAS) in 1990s and early 2000s led to increase
in the efficiency of selection in animal and plant breeding, but even the established breeding programs
had to use it conscientiously because of high cost of sequencing (Bernardo et al., 2007). Phenotyping,
although laborious and time consuming, was the cheaper option for the breeding programs. However,
with next generation sequencing the economic burden in genotyping dropped significantly, and as
computational capabilities increased single nucleotide polymorphism (SNP) markers became more
ubiquitous in genomic analysis (Bernardo, 2008). The ability to generate large number of genomewide markers led to the rise of new tools like association mapping and genomic selection.

1.3.1

Genome-wide association
Linkage mapping, despite being a powerful method to identify quantitative trait loci (QTL)

for a segregating trait, is limited by the amount of allelic diversity and mapping resolution due
to limited recombinations within segregating parents (Korte et al., 2013). In contrast, genomewide association studies (GWAS) have mapped genetic variants associated to phenotypes to a much
higher resolution using whole genome markers in a diverse group of individuals (Korte et al., 2013).
Application of association studies in plants was realized with development of statistical methods
to account for the inherent population structure to control for nonfunctional, spurious associations
(Thornsberry et al., 2001). Yu et al. (2006) introduced a unified mixed model approach to account
for multiple level of relatedness and showed that it effectively controlled for false positives as well
as false negatives. While the population structure is a confounding factor in genotype-phenotype
8

association, simply controlling for population structure may not always lead to avoidance of false
positive or false negative, especially for association analysis of traits that could be strongly correlated
to population structure (Lawson et al., 2020; Sul et al., 2018). However, models with increased power
to detect genome-wide association without needing to correct for population structure could mitigate
those limitations (Klasen et al., 2016; Liu et al., 2016).
While most of the association analysis have been focused on single traits, traits are usually
correlated and controlled by genetic loci with pleiotropic effects. Association studies have shown that
combined analysis of correlated traits can be effective in detecting additional genetic variants with
small effects across multiple traits (Carlson et al., 2019; Korte et al., 2012; Rice et al., 2020; Thoen
et al., 2017). Examples of approaches to leverage correlation between traits in association analysis
include: the use of ratios of directly related traits in univariate GWAS (Gallagher et al., 2018),
combining test statistics from univariate GWAS of each trait to detect pleiotropic effects (Yang
et al., 2010), using dimension reduction technique to derive transformed phenotypes for univariate
GWAS (Aschard et al., 2014), and directly modeling multiple traits into a multivariate linear mixed
models (Korte et al., 2012; Zhou et al., 2014). Furthermore, meta-analyses of results from GWAS
have shown promise in linking associated variants to meaningful biological functions in the form
of metabolic and biochemical pathways associated with multiple correlated trait (Battenfield et al.,
2018; Duarte et al., 2018; Gebreyesus et al., 2019).

1.3.2

Genomic selection/prediction
Most of the traits of interests in plant breeding are complex and controlled by large num-

ber of small effect loci. For the traits controlled by several minor effect QTL, association mapping
results in poor prediction of line performance because of the biased effect estimates and its inability
to detect minor effect QTLs (Jannink et al., 2010). Meuwissen et al. (2001) proposed a technique
called genomic selection which mitigates the disadvantages of GWAS by utilizing statistical models
that are capable of simultaneous estimation of all marker effects. Genomic selection de-emphasizes
the identification of individual polymorphisms for complex traits towards weighing a predicted performance based on model training (Jannink et al., 2010). Genomic selection has potential to increase
breeding efficiency by improving genetic gain per selection in a breeding program per unit time. In
genomic selection, a ’training population’ of individuals, that is both genotyped and phenotyped,
is selected to train prediction models that use the genotypic data of untested individuals from the
9

‘candidate population’ (prediction set) to produce genomic estimated breeding values (GEBVs).
These GEBVs are primarily based on the cumulative effects of markers predicted by the model that
was formerly trained, and are used as selection criteria without known function of the underlying
genes (Jannink et al., 2010). Cross-validation experiments are often used to calculate the accuracy
of prediction models. The prediction accuracy or predictive ability is defined as the correlation between the predicted genetic values and true breeding value, which is often the observed phenotypic
values from empirical experiments.
Genomic selection or prediction has created a paradigm shift in plant and animal breeding,
and to-date hundreds of studies and applications of this method in crops and livestock for numerous
traits have already been reported (Crossa et al., 2017; Meuwissen et al., 2016). In sorghum, genomic
prediction studies has been reported for bioenergy traits (Fernandes et al., 2018; Oliveira et al., 2018;
Yu et al., 2016), grain yield (Hunt et al., 2018; Sapkota et al., 2020b), drought tolerance (Velazco
et al., 2019), and grain composition (Sapkota et al., 2020a). Additionally, Valluru et al. (2019)
studied the effect of deleterious variants on genomic prediction of bioenergy traits. Furthermore,
Sapkota et al. (2020a) and Velazco et al. (2019) showed increase in accuracy of prediction due
to multivariate prediction models over univariate models. The application of genomic prediction
can be extended to screening of germplasm and early generation selection during pre-breeding and
population improvement (Gaynor et al., 2017; Yu et al., 2016). The large volume of genomic and
phenotypic data produced through association studies using diverse individuals across several crop
species can be used to train prediction models to evaluate genetic merit of gene bank accessions that
have largely remained unused (Yu et al., 2016). Such a strategy is also likely to be advantageous
for identifying rare alleles that are more likely to go undetected and purged in pedigreed breeding
populations.
The accuracy of genomic prediction models is affected by several factors including training
population size, genetic architecture of trait, genetic relatedness, marker density and co-segregation
of markers (Combs et al., 2013; Habier et al., 2007, 2013; Zhong et al., 2009). Higher relatedness
between individuals in training and test population inflates the overall accuracy of predictions in
genomic selection models (Habier et al., 2007). In stratified populations, the population structure can
play a vital role in genomic prediction accuracy. In maize and rice diversity panel, Guo et al. (2014b)
found that accuracy of prediction is higher when individuals within a subpopulation were used as
training population as compared to predictions of a subpopulation using individuals in unrelated
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subpopulation for training. Positive relationship between prediction accuracy and heritability or
training population size or marker density have been observed across different crops (Combs et al.,
2013; Tayeh et al., 2015; Zhang et al., 2017). While model selection is known to have some effect
on genomic prediction accuracy, studies have shown that the differences due to model selection are
small and insignificant (Crossa et al., 2017; Heslot et al., 2012).
VanRaden (2008) proposed a genomic best linear unbiased prediction (GBLUP) model which
has become the most widely used genomic prediction model in animal and plant breeding. This model
uses linear predictions as proposed by Henderson (1963) but replaces traditional relationship matrix
with genomic relationship matrix that is calculated using bi-allelic marker genotypes and their allele
frequencies. Computational research on genomic selection has since emerged with statistical methods capable of incorporating pedigree, genomic, and environmental covariates into statistical-genetic
prediction models (Crossa et al., 2017). A major advantage of genomic prediction is the ability to
make prediction on new lines and environment based on phenotypic values of available lines in some
environments. Extensions of GBLUP model has reported inclusion of genotype × environment interactions resulting in improvement in prediction accuracy (Burgueño et al., 2012; Jarquı́n et al.,
2014). Genomic prediction models have also been expanded to perform joint analysis of multiple
traits using empirical and simulated data (Guo et al., 2014a; Jia et al., 2012). The improvement in
prediction accuracy of multi-trait model over single-trait models, however, depends on the heritability of traits and correlation between them (Jia et al., 2012; Lado et al., 2018). Since phenotypic data
in breeding programs are collected across multiple environment and for multiple traits, MontesinosLópez et al. (2016) developed a Bayesian whole genome prediction model to account for complexity
of variance-covariance structure in a combined multi-trait multi-environment (MTME) model. They
also developed a computationally efficient Markov Chain Monte Carlo (MCMC) method that produces a full conditional distribution of the parameters leading to an exact Gibbs sampling for the
posterior distribution. Increased computational capabilities and affordable sequencing is changing
the paradigm in plant and animal breeding. As data-driven research and applications become common place, holistic breeding practices using multi-omics data will become the new normal in this
century (Wallace et al., 2018).
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Figure 1.2: Trend of grain yield for major cereal crops. Source: FAOSTAT (2018).

1.4

Grain yield
Yield is the most important trait because it translates directly to economic gain for the

farmers. Figure 1.2 shows worldwide and US trends for average grain yield from 1961 to 2018
in major cereal crops. While major gains have been made in wheat, rice and maize, the yields
have remained stagnant for sorghum across the world and very little gains has been made even in
the US (Figure 1.2). The three-year average yield has not changed for sorghum since the 1980s
(FAOSTAT, 2018). Pfeiffer et al. (2019) compared the total genetic gain of 74 hybrids (60 public
and 14 commercial) released within a 50-year span and found that yield gain was 8 kg ha−1 per
year. Yield potential per plant, heterosis, test weight, panicle size, and grain number per panicle
were the traits that showed increase, whereas leaf angle, days to maturity, plant height, and yield
stability demonstrated little to no change. Overall ∼60% of the total yield gains in US sorghum
production were attributed to the genetic improvement through sorghum breeding, which is slightly
higher than the reported contribution (∼50%) of plant breeding towards yield gain in hybrid maize
(Duvick, 2005; Pfeiffer et al., 2019). But since the yield gain is so small, the increase in total yield
potential was probably marginal compared to that of maize.
Grain yield in cereal crops is a composite trait and is determined by four primary components: planting density, number of panicles per plant, number of grains per panicle, and grain weight
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(Boyles et al., 2016; Heinrich et al., 1983). While there might be other morphological and physiological factors that affect grain yield, their effects, however, would be observed through phenotypic
changes in grain number or grain weight. Grain number and grain weight are complex traits that are
quantitatively inherited and are influenced by both genetic and environmental factors (Austin et al.,
1998). These two yield component traits, grain number and grain weight, are not only important
for yield potential but also for yield stability (Heinrich et al., 1983). Despite reported evolutionary trade-offs between the grain number and grain weight (reviewed by Sadras, 2007), examples of
decoupling the two traits suggests increasing one is possible without decreasing the other (Gambı́n
et al., 2012; Griffiths et al., 2015).
Large proportion of phenotypic variance in yield is attributable to the variance due to
environment and genotype × environment, and grain yield is controlled by many genetic loci with
small effects (Boyles et al., 2016). This makes grain yield a good target trait for application of
genomic selection. Genomic prediction studies in maize (Windhausen et al., 2012), wheat (Saint
Pierre et al., 2016), and sorghum (Hunt et al., 2018) have shown potential for increasing genetic
gain across multiple environments. Velazco et al. (2019) showed using multi-trait prediction models
can increase accuracy of prediction for grain yield by including correlated traits that affect grain
yield. These examples suggest the rate of genetic gain for yield can be increased by dissection of
yield components, and using grain number and grain weight in trait-assisted and multi-trait genomic
prediction (Fernandes et al., 2018).

1.5

Grain composition
Cereal grains are primarily composed of starch, protein, and fat, and combined together

these three compositional traits contribute to the total energy provided by the grain (Boyles et al.,
2017). Besides, sorghum grains also consists of several health-promoting antioxidants and micronutrients within their grain (Rhodes et al., 2014; Shakoor et al., 2016). Despite success in identification
of some genetic variants associated to starch, protein and fat content through genetic mapping, large
proportion of genetic effect on phenotypic variance remains unexplained (Boyles et al., 2017; Murray
et al., 2008; Rami et al., 1998; Rhodes et al., 2017; Sukumaran et al., 2012). The complex nature of
these traits suggest a quantitative inheritance of many small effect loci. Genomic prediction for grain
quality traits has previously been reported in crops such as wheat (Battenfield et al., 2018; Haile
13

et al., 2018), rye (Schulthess et al., 2016), maize (Guo et al., 2014b), and soybean (Duhnen et al.,
2017). Studies using near-infrared derived phenotypes in genomic prediction of protein content and
end-use quality has shown moderate to high accuracy of prediction in wheat (Battenfield et al., 2018;
Hayes et al., 2017). Although grain yield and protein content are known to have negative trade-off,
multi-trait genomic prediction models show simultaneous improvement for grain yield and protein
content is possible (Haile et al., 2018; Rapp et al., 2018). Since grain composition traits are highly
heritable and inter-correlated among each other (Boyles et al., 2017), the use of single-trait as well
as multi-trait genomic prediction models can help in rapid genetic gain for these traits.

1.6

Research objectives
The main goal of this study was to implement and assess potential of genomic prediction

for grain yield components and grain composition in sorghum. While several empirical as well as
simulation studies for genomic prediction are available for cereal crops such as maize and wheat,
research and application of genomic prediction in sorghum is lagging. The outcomes of this study
provide empirical evidence and methodology for genomics-assisted breeding of sorghum and the
genomic regions and candidate genes from significantly associated regions will provide new targets
for understanding biology of important grain composition traits: starch and protein.

Objective 1
Examine genetic diversity and population structure, and study their effects on prediction
accuracy of grain yield components.

Objective 2
Assess predictability of grain macronutrients and compare multivariate prediction models
to univariate models using a recombinant inbred population and a diversity panel.

Objective 3
Conduct univariate and multivariate genome-wide association analysis for starch and protein
content, identify potential candidate genes and their interactors, and study the gene expression
patterns.
14
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Abstract
Population structure is an important factor that affects the accuracy of estimated breeding values in
genomic prediction. Natural sorghum populations exhibit population structure resulting from genetic and
morphological differentiation due to evolutionary divergence. To study the impact of sorghum racial structure
and diversity in genomic prediction, we conducted two cross validation (CV) experiments: CV1; proportional
sampling from races, and 2) CV2; sampling from across race (AR) or within race (WR). A diversity panel
with 389 individuals with 224,007 single nucleotide polymorphisms were used for genomic prediction.
Genomic heritabilities for traits were positively correlated (0.63) with their mean prediction accuracy (r)
from CV1, and within-subpopulation variance accounted for about 80% of total genetic variance. CV1
prediction accuracy ranged from 0.52 to 0.69, but r declined by 39% and 54% on average for WR and AR
methods, respectively. As a predictor race explained 30 to 50% of covariance for grain and panicle traits but
race was a bad predictor of plant height, as expected. Grain weight was consistently the best predicted trait
across CV1 and CV2 methods except in AR. Difference in average r for WR and AR was greater in durra
and caudatum, small in kafir, and non-existent in guinea and mixed. We observed higher prevalence of minor
alleles among guinea and mixed subgroups highlighting contribution of allelic diversity towards prediction
accuracy. Genomic prediction in sorghum will benefit from utilization of inter-racial diversity and we
emphasize the need for further investigations into the role of racial structure in genomic prediction.
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Introduction
Cultivated crops have undergone genetic bottlenecks as a result of domestication and artificial
selection. Genetic diversity in modern crops is further reduced by current plant breeding practices because
most of the cultivars are derived from genetically-related varieties that represent a very small fraction of the
global diversity of plant germplasm for any species (McCouch, et al., 2013). Effective utilization of genetic
diversity to increase resilience and crop yield potential will remain a key aspect to meet the projected food
demands in the next few decades and reduce vulnerability to biotic and abiotic stresses,.
Sorghum is an important cereal crop grown and consumed as a staple by over half a billion people
in the semi-arid tropics. The earliest known record of sorghum seeds are the charred remains from 8000 years
before present found at Nabta Playa near the Egyptian-Sudanese border during archeological excavations
(Wendorf, et al., 1992). After early domestication likely near the Sahel region of sub-Saharan Africa, further
migration and adaptation of early sorghum domesticates occurred across Africa and Asia. Those demographic
events led to the evolution of morphologically and geographically diverse groups that are classified into five
major races and 10 intermediate races of sorghum (Harlan and de Wet, 1972, Harlan and Stemler, 1976).
This phenotype-based classification of sorghum races has been supported by genetic evidences in a global
diversity panel (Brown, et al., 2011). Furthermore, the linkage disequilibrium (LD) in sorghum has shown
presence of strong genetic bottleneck and patterns of disruptive selection across the sorghum genome as a
result of domestication, adaptation, and diversifying selection (Mace, et al., 2013, Morris, et al., 2013, Wang,
et al., 2013).
The sorghum conversion program (SCP) was initiated by the United States Department of
Agriculture (USDA) in cooperation with Texas A&M University to introduce novel genetic variation from
exotic tropical germplasm by converting selected tropical genotypes to temperate adapted, photoperiodinsensitive lines with short stature (Stephens et al. 1967). This ongoing initiative has been the staple source
of germplasm for several public and private breeding programs in temperate regions. However, the
conversion of tropical lines through repeated backcrossing is an expensive and labor-intensive process.
Therefore, only 1000-1500 tropical lines have been converted, and these converted lines represent a limited
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fraction of USDA and worldwide collection of sorghum germplasm (Bob Klein, personal communication).
Recent advances in genomic and computational capabilities present opportunities for identifying effective
strategies for introducing and screening of germplasm for novel genetic variation, which can benefit breeders
by making selection of prebreeding germplasm more accurate and meaningful.
Genomic prediction (also known as genomic selection or genome-wide selection) is a method to
simultaneously estimate the effects of all genetic markers and use those marker effects to estimate breeding
values (Meuwissen et al. 2001; Bernardo and Yu 2007). The marker effects are estimated using both
genotypic and phenotypic data from a training population, which can then be used to predict genomic
estimated breeding value (GEBV) using only the genotypic information in a testing population. The accuracy
of prediction is measured as the correlation between GEBVs and true genetic values, often represented by
observed phenotypic values. Genomic prediction is usually applied in breeding populations where the
training and testing population have a shared pedigree, but its application can be extended to screening and
selection for pre-breeding or population improvement (Yu et al. 2016; Gaynor et al. 2017). Every year, an
increasingly larger number of association studies are conducted for allele mining by breeding and genetics
programs across the world. Large-volume phenotypic datasets generated from these studies can be applied
in the investigation and application of genomic prediction models across ranges of crops and traits. These
resources can then be utilized in careful strategies to tap into the large number of gene bank accessions by
screening for useful genetic variation with potential to enhance genetic gain (Yu et al. 2016).
The implementation of genomic prediction in a diverse and stratified population, however, requires
careful consideration of the genomic relationship and population structure (Jannink et al. 2010; Habier et al.
2007). Population structure has been shown to affect the accuracy of genomic prediction in stratified
populations across several crop species (Guo, et al., 2014, Ly, et al., 2013, Norman, et al., 2018). Population
structure analysis can be done using non-model based approaches like principal component analysis
(Patterson et al. 2006; Price et al. 2006) or model based clustering approaches like ADMIXTURE (Alexander
et al. 2009). Incorporating population structure estimates into both association and prediction studies has
proven useful, but the methods for including population structure in the model can vary. While the inclusion
of population structure as a covariate has been successfully applied in mixed models for association studies,
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the use of population structure as fixed effects in genomic best linear unbiased prediction (GBLUP) models
would be concerning because they already enter into the model as random effects (de los Campos and
Sorensen, 2014, Janss, et al., 2012, Price, et al., 2010). One approach to account for population structure in
genomic prediction is designing a cross validation scheme that ensures equal representation of each
subpopulation in training and validation sets (Albrecht, et al., 2011, Guo, et al., 2014). Alternatively, in order
to avoid biased estimation due to the presence of genetic structure and familial relatedness, prediction
analysis can be performed by partitioning the genomic variability into within and across group components
(Guo, et al., 2014, Norman, et al., 2018, Technow, et al., 2012). Because of distinct racial structure in
sorghum, an approach to account for contribution of racial structure in prediction accuracy by decomposing
variance-covariance components into expectations due to race and covariance from individuals within a race
could be beneficial.
A recent simulation study has highlighted the advantages of genomics-assisted recurrent selection
over phenotypic recurrent selection in a nascent and small sorghum breeding program, emphasizing the need
for further investigations on genomic selection in sorghum (Muleta, et al., 2019). Since inter-racial diversity
is important for heterotic gain, application of genomic prediction in sorghum breeding will benefit from
investigations into the effect of racial structure on prediction accuracy. While the effect of population
structure in genomic prediction has been extensively studied in major cereal crops, the distinctive
evolutionary history and racial structure of sorghum merits the need for investigation into the effect of
sorghum racial structure in genomic prediction (Guo, et al., 2014, Isidro, et al., 2015, Norman, et al., 2018).
A previous study examined the effect of genetic relatedness on genomic prediction of pedigreed male lines
in a sorghum breeding program, however, there has been no studies on the role of sorghum racial structure
in genomic prediction (Hunt, et al., 2018). The objectives of our study were to estimate genetic structure and
diversity among sorghum races and implement genomic prediction for plant architecture and grain yield traits
to examine the effect of racial structure on prediction accuracy using a grain diversity panel.
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Materials and methods
Plant materials, field design, and phenotyping
The sorghum diversity panel used in this study consisted of 389 diverse sorghum accessions,
including 332 accessions from the United States sorghum association panel (SAP) developed by Casa, et al.
(2008). Additional accessions were included for diversity and elite grain characteristics (Boyles, et al., 2016).
The population was planted in randomized complete block design with two replications in 2013, 2014, and
2017 field seasons at the Clemson University Pee Dee Research and Education Center in Florence, South
Carolina. The accessions were assigned to blocks within the replication based on height, maturity, and
photoperiod sensitivity. Each plot was two 6.1 m rows spaced 0.726 m apart with a targeted planting density
of 130,000 plants ha-1 assuming 75% plant establishment rate. In 2017, an average plant density of ~62,350
plants ha-1 was calculated based on plant stand count and row length at 24 days after planting (DAP). Fields
were irrigated when plants showed signs of stress in order to avoid confounding effects of maturity and
varying degree of drought tolerance in the population on yield. The details on agronomic practices for 2013
and 2014 can be found in Boyles, et al. (2016). In 2017, a lay-by of 93 Kg ha-1 N was applied at 35 DAP in
addition to variable rate of fertilizer (N, P, K) applications before planting. Preemergence and postemergence
herbicide applications in 2017 were consistent with 2013 and 2014. A single application of 0.5 L ha-1 of
SivantoTM Prime (Bayer CropScience) was administered at 60 DAP to control sugarcane aphid population.
Three consecutive plants from the odd row of each plot was selected for phenotyping in order to
prevent biases due to row effect. We also avoided plants from beginning and end of the row to account for
border effect. The detail procedures for phenotyping of agronomic and grain phenotypes has previously been
described in Boyles et. al. (2016; 2017) . Days to anthesis (DTA) for each plot was measured as the number
of days from planting to when 50% of the plants in the plot were at mid-bloom. Plant height (PH) was
measured from ground to the apex of the primary panicle at physiological maturity. Flag leaf height (FLH),
panicle length (PL), and terminal branch length (BL) of each plant harvested in 2017 were measured. Flag
leaf height was measured as the height from ground to the flag leaf of the plant. Panicle length was measured
as length of primary panicle from the terminal branch to the apex of the panicle, and BL was measured as
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length of the two terminal primary branches, respectively. A more detailed description of these inflorescence
architecture traits can be found in Brown, et al. (2006). Grain yield components were phenotyped from
primary panicle of three consecutive plants harvested at physiological maturity as previously mentioned.
Panicles were air dried to a constant moisture (10-12%) before threshing. Threshed seed were processed
through seed counters (Old Mill Model 900-2) to measure grain number per primary panicle (GN). Grain
yield per primary panicle (GY) in grams (g) was measured with a Discovery series scale (Ohaus).
Subsequently, thousand grain weight (GW) was calculated from GY and GN; GW (g) = (GY/GN) ´ 1000.

Phenotypic analysis
R statistical software was used for phenotypic analysis (R Development Core Team, 2016). Simple
mean of phenotypic values were calculate for each replication with the years. The phenotypic means of the
traits were fitted into a linear mixed model analysis using lme4 package in R (Bates, et al., 2015). We fit the
following mixed model equation:

yijk = µ + Gi + E j + Gi E j + Rk (E j ) + eijk

(1)

where yijk is the phenotypic value for genotype i, year j, and replication k within the year j; µ is the
population mean; Gi is the fixed effects of ith genotype; Ej, GEij, Rk(Ej) are random effects of year, genotype
´ year, and replication within the year, respectively; and eijk is the random effect of residuals, with e ~
N(0, σ$# ). Since phenotypes for PL, BL and FLH were only available from the year 2017, the model was fit
with just the random effect of replications within the year and fixed effect of genotypes. Best linear unbiased
estimates (BLUEs) for the traits were calculated from the fixed effect of the genotypes. Correlation plots and
histograms for the estimated phenotypic means were generated using the pairs.panels function within the R
package Psych (Revelle, 2011).
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Genotyping
Genetic characterization of the diversity panel was done using genotyping-by-sequencing (GBS) as
previously described in Morris, et al. (2013). Sequenced reads were aligned to the sorghum reference
assembly (BTx623 v3.1, www.phytozome.net) using burrow-wheelers aligner (Li and Durbin 2010). SNP
calling, imputation and filtering were done using the TASSEL 5.0 pipeline (Glaubitz, et al., 2014). A total of
515,318 SNPs was called and subsequently imputed using the FILLINFindHaplotypesPlugin and
FILLINImputationPlugin in TASSEL. FILLIN (Fast, Inbred Line Library ImputatioN) imputes missing
genotypes by: (1) haplotype generation using inbred segments that share identity by state, and (2) imputation
of resulting haplotypes back onto the target samples (Swarts, et al., 2014). SNP sites were filtered to remove
sites with a minor allele frequency (MAF) < 0.01, and sites present in at least 90% of the individuals were
retained. A final SNP matrix with a total of 224,007 SNPs was created and used for subsequent genomic
analysis and predictions. In the final SNP matrix, all genotypes had less than 10% missing sites. The final
SNP genotype matrix was further filtered to retain SNPs with MAF > 0.05 for estimation of the decay of
linkage disequilibrium (LD).

Population structure and genetic diversity
The final SNP matrix was used to first identify the optimum number of clusters based on cross
validation of error, then used to calculate the ancestry coefficients using ADMIXTURE (Alexander, et al.,
2009). Admixture ancestry coefficients (Q matrix) were estimated using the default block relaxation
algorithm. We also calculated covariances for the first five principal components (PCs) using the SNP data
in TASSEL. A common subset of 35,277 SNPs between the diversity panel and S. propinquum from Mace,
et al. (2013) was used for neighbor joining tree estimation using the Cladogram function in TASSEL. This
function first calculates distance between each pair of taxa using modified Euclidean distance (homozygote
is 100% similar to itself and heterozygote is 50% similar to itself) and then estimates tree using neighbor
joining algorithm (Glaubitz, et al., 2014). The tree was visualized using the web based software Interactive
Tree of Life (Letunic and Bork, 2016).
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Nucleotide diversity (qp), Tajima’s D, and genetic differentiation (Fst) was estimated from the final
SNP matrix with the vcftools program (Danecek, et al., 2011) using a non-overlapping sliding window of 100
kb. The window size of 100 kb was chosen to avoid sampling error that could arise from variabilities in SNP
marker distribution when low coverage sequencing is used for genotyping (Gusnanto, et al., 2014). Minor
allele frequency for each SNP site was also calculated using vcftools. Linkage disequilibrium was calculated
for pairs of alleles using a sliding window of 50 SNPs in TASSEL, and decay of LD with distance was
evaluated using non-linear regression nls function in R (R Development Core Team, 2016) with a maximum
iteration of 100. Expected values of squared allele-frequency correlation (r2) under drift equilibrium was
calculated using the equation from Hill and Weir (1988) as explained in Remington, et al. (2001). Then,
average r2 and average LD half decay distance (bp) were calculated. Nei’s expected heterozygosity was
calculated on a per locus basis using the heterozygosity function in the R package Pegas (Nei, 1987, Paradis,
2010). Average expected heterozygosity was calculated as mean of heterozygosity across all polymorphic
sites.

Genomic prediction and heritability
Statistical model for prediction
Genomic best linear unbiased prediction (GBLUP) model was implemented using kin.blup function
in R package rrBLUP (Endelman, 2011). In the GBLUP model:

y= µ+g+e

(2)

y is a vector of phenotype BLUEs; µ is the overall mean; g is a vector of random effect of genotypes
with g ~ N(0, Aσ$% ), where σ$% is additive genetic variance and A is the realized additive relationship matrix
calculated from n ´ m genotype matrix with n number of genotypes and m number of markers using A.mat
function from rrBLUP package (Endelman and Jannink, 2012); and e is a vector of residuals that are identical
and independently distributed with e ~ N(0, Iσ$# ), where σ$# is the residual variance and I is an identity matrix.
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Estimation of genomic heritability
A re-parameterization of GBLUP model as explained in Janss, et al. (2012) was done to evaluate
the impacts of population structure on genomic heritability of the traits. The reparameterized model can be
written as:

y = 1µ + U α + e

(3)

In the above equation, U is an n ´ (n – 1) matrix of the eigenvectors obtained from eigenvalue
decomposition of additive relationship matrix (A) with Ui the column i (i = 1, 2, …, n – 1) of U representing
the principal component loads; a is an (n – 1) ´ 1 vector of random effects with normal distribution N(0,
Dσ$% ) where D is an (n – 1) ´ (n – 1) diagonal matrix with each diagonal element representing eigenvalues of
A corresponding to that particular column. The model (3) with principal components as random variables
generates the same marker distribution as model (2), and allows for separation of total genetic variance
σ$% into across-subpopulation genetic variance σ$%& due to population structure, and within-subpopulation
genetic variance σ$%' . This partitioning of total genetic variance allowed for estimation of within (h$%& ) and
across-subpopulation (h$%' ) genomic heritabilities which were calculated as:

2
hgA
=

1 d 2
∑α
n i=1 i
1 n 2
α i + σ e2
∑
n i=1

(4.1)

and

2
hgW
=

1 n 2
∑α
n i=d+1 i
1 n 2
α i + σ e2
∑
n i=1

(4.2)

where d is largest eigenvectors in the population with n individuals used to account for population
substructure that result in artifact variation arising due to population admixture, d was calculated using the
eigen function on relationship matrix, A. The posterior values for σ$%& , σ$%' , σ$% , and σ$# were estimated by
Markov Chain Monte Carlo (MCMC) using a Gibbs sampler as proposed by de los Campos, et al. (2010) and
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Janss, et al. (2012) for each trait using phenotypic and genotypic data for all individuals in our panel. A total
of 37,000 MCMC iterations were run with first 2000 iterations discarded for burn-in. The posterior means
for within and across-subpopulation heritabilities were calculated form the estimated variance components.

Cross validation and prediction accuracy
Cross validation using stratified sampling (CV1)
A common cross validation approach using five-folds obtained by stratified sampling was done for
CV method 1 (CV1). In stratified sampling, the individuals were proportionally sampled from each sorghum
race to form cross-validation folds that have population structure similar to that of the whole population. As
illustrated in Figure 1A, individuals within each race were randomly partitioned into five mutually exclusive
groups (W1, W2, W3, W4, and W5) with similar sample sizes resulting in five proportionally divided datasets
(one per race). Then, five subsets (S1, S2, S3, S4, and S5) were constructed such that each subset contained
one of the partitions from each race (Figure 1A). During cross validation, each subset was treated as a fold,
and four of the folds were assigned to the training set and the genetic values were predicted for the remaining
fold. This process was repeated until every single fold and individuals were predicted only once, and the
predicted genetic values for all individuals were stored. Prediction accuracy was calculated as correlation
between predicted genetic values and observed phenotypic values of all individuals in the population for each
cross validation run. A similar approach has previously been applied to study the effect of population
structure in prediction results (Albrecht, et al., 2011, Guo, et al., 2014). Since all cross-validation folds are
proportionally sampled from structured subpopulations, the training and validation sets used in prediction
have similar racial structure. The accuracy from CV1 method was decomposed into covariances resulting
from conditional expectations due to racial structure. The decomposition of covariance was calculated as
described in Sorensen and Gianola (2007):

Cov(x, y) = Erace [Cov(x, y | race)] + Covrace [E(x | race), E( y | race)]

(5)

where, x and y are predicted and observed values, respectively; Erace is expectation over races of the
covariances within race; and Covrace is covariance across races of the expectation within race. A multi-
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response model with unstructured variances was fitted with scaled values of x and y as response variables,
and race as a random variable in the model using the MCMCglmm function in the R package MCMCglmm
(Hadfield, 2010). A total of 13,000 iterations were done with 3,000 burn-ins, and posterior mean was
calculated from a total of 1000 estimates were recorded using a thinning interval of 10.

Figure 1. Examples for cross-validation approaches implemented in the sorghum diversity panel. A) CV,
individuals in each race were proportionally divided into five datasets (W1,…,W5) and cross validation fold
(S1,…,S5) was created as shown by rectangular boxes with broken lines ; B) CV2: within race (WR, I) and
across race (AR, II) cross validation method for mixed race. A variation of AR prediction, single race training
(SRT), was also implemented where a single race was used for training instead of all four races. In
parentheses are the number of individuals used in prediction.
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Across and within race cross validations (CV2)
While the CV1 method simulates similar population structure across both training and validation
populations, breeding populations are often derived from genetically distinct pedigrees with dissimilar
population structure. In order to understand how the GBLUP model for grain yield related traits in sorghum
is affected by intrinsic racial structure, we designed a second cross validation experiment, CV2. In this
approach, we ran predictions either by dividing individuals from a single race into training and validation
folds, or by using individuals from certain race/s as a training population to predict genetic values of
individuals from unrelated race/s (Fig 1B). Similar strategies have previously been reported for within and
across group genomic prediction for diversity panels in maize and rice (Guo, et al., 2014), and for breeding
population in wheat (Norman, et al., 2018).
The first CV2 method, within race (WR) prediction, was done by randomly dividing individuals
within a single race into five proportional folds (Fig 1B). The five-folds are used for five-fold cross validation,
the predicted values for individuals in each fold was stored and subsequently a single r was calculated for
each cross validation run, as previously described for CV1 method. The five folds in this method are derived
from the five mutually exclusive datasets (W1, W2, W3, W4, and W5) that were used in CV1 for each race;
however, in this method, four of these datasets/folds collectively formed the training set and the remaining
dataset/fold was used as validation set. For each run, the predicted values were stored until each fold was
predicted once, then a single r for calculated as correlation between predicted and observed phenotypic values
for the given race.
In the second CV2 method, across race (AR) prediction was conducted using four of the races as
training population and the fifth race as a validation race (Fig 1B). Unlike in CV1, AR doesn’t have a uniform
population structure across the folds and the individuals in the training and validation populations are from
genetically distinct racial clusters. In order to maintain the same training population size between AR and
WR predictions, we sampled proportional amount of individuals from each race to makeup the total crossvalidation sample size equal to the sum total of individuals within the validation race. For example as shown
in Figure 1B, a total of 13 individuals from each of the four races kafir, caudatum, durra, and guinea were
sampled as training population (n = 13 ´ 4) and breeding values were estimated for a random sample of 13
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individuals from the mixed race. Subsequently, r for the mixed race was calculated as correlation for observed
phenotypic values and predicted genetic values for those 13 randomly sampled individuals from the mixed
race. Similarly, r for AR prediction of each race was calculated in similar fashion with a total of 13, 16, 27,
and seven individuals sampled from each race for prediction of the races kafir, durra, caudatum, and guinea,
respectively. In addition to AR method we also ran a variation of across subpopulation prediction, which we
call single race training (SRT) method, where a single fold of 36 individuals sampled from a single race was
used as the training population to obtain predicted genetic values of individuals from all other races (Fig 1B).
The prediction accuracies for the SRT method were calculated as correlations between predicted and
observed values for pairwise combination of training and validation races. The objective of this method was
to explore the predictive relationship between any two races for a given trait.
A total of 100 random replications were conducted for each cross-validation method, and estimates
for mean r and standard deviations were calculated. Vectoral graphs used in the analysis of results were
created using various plotting functions in R package ggplot2 (Wickham, 2016).

Results
Racial structure
We identified an optimum of five subpopulation cluster based on estimates of cross-validation error
from admixture (Supplementary Figure 1). Admixture ancestry coefficients (Q) were used to assign
individuals into subpopulations, individuals with coefficients >50% were assigned into that subpopulation.
Four of the five subpopulation clusters, thus identified, were broadly congruent with original racial
classification of the accessions based on morphological characteristics (Figure 2a, Supplementary Datafile).
The remaining accessions contained mixed ancestry based on admixture components, and a large proportion
of them belonged to intermediate or mixed races based on original morphological classification (Casa, et al.,
2008). For ease, the subpopulation clusters are referred to as corresponding race and “mixed” race represents
the cluster of accessions with mixed or intermediate ancestry. Our results from admixture were supported by
the principal component and neighbor joining analyses (Figure 2). In the neighbor joining tree, S.

40

propinquum, an outgroup individual which is a diploid wild sorghum from southeast Asia, clustered together
with accessions from the race guinea suggesting potentially earlier adaptation and divergence of guinea race
compared to caudatum, durra, and kafir (Figure 2c).

Figure 2. Population structure and clustering analysis of the sorghum diversity panel based on; a) ancestry
coefficients for K=5 in admixture, b) principal component analysis of the first three PCs, and c) neighbor
joining tree analysis. In parentheses, proportion of variation explained by the corresponding PC. Branches
and labels in the tree and accessions in PCA are color coded by the race identified from population structure
analysis using admixture. Branch represented by broken line in the guinea clade is wild sorghum S.
propinquum.

Genetic diversity and linkage disequilibrium
Tajima’s D and heterozygosity estimates suggest presence of strong genetic bottlenecks in our panel
possibly from domestication, adaptation and artificial selection. The average distance over which LD decayed
to half of its maximum value was ~20 kb in our panel, which is consistent with previous observations
(Hamblin, et al., 2004, Mace, et al., 2013). Whereas, the average distance for LD decay to reach background
levels (r2 < 0.1) was around 100 kb, similar to previous observations of Morris, et al. (2013) in global diversity
panels. We observed variability in the level of genetic diversity and LD among sorghum races (Table 1).
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Average expected heterozygosity for all races were significantly different (p-value < 0.01) from each other.
The presence of extensive LD, lower genetic diversity and Tajima’s D values within kafir suggests the
presence of a stronger genetic bottleneck within this race compared to others (Table 1). Among the five racial
types, the mixed race had highest average nucleotide diversity (3.5 ´ 10-5) and lowest LD. The race guinea
had the highest average expected heterozygosity (0.5), whereas the average distance to LD decay for guinea
were higher than all races except kafir. Genetic diversity and LD for durra were similar to that of the whole
panel. Although LD and nucleotide diversity estimates of caudatum were comparable to that of guinea,
heterozygosity in caudatum was about 30% of guinea (Table 1). We calculated the Euclidean distance
between the centroids of five PCs and also estimated Fst for different races and found that kafir and mixed
were genetically the most and least distant race, respectively, whereas the other three races (caudatum, durra,
and guinea) seemed to be roughly equidistant from each other (Supplementary Table S1). These results show
consistency with the timeline of diversification of these races, as kafir is probably the most recent and mixed
race has some of the most primitive accessions of intermediate and bicolor race (Deu, et al., 2006, Doggett,
1988, Kimber, et al., 2013).
Table 1. Summary statistics of whole genome estimates for genetic diversity and LD.
Whole
Mixed
Kafir
Durra
Caudatum
panel
Number of accessions
389
67
65
82
137
Average heterozygositya
0.17
0.19
0.12
0.18
0.14
Nucleotide diversity (10-5) 3.23
3.48
2.32
3.07
3.01
Tajima’s D
-0.63
-0.93
-1.2
-0.88
-1.01
Average r2
0.09
0.1
0.21
0.1
0.11
LD decay distance (bp)
20491
14625
145252 19870
32076
a
Nei’s unbiased estimator of gene diversity (Nei, 1987)

Guinea
38
0.5
3.12
-0.92
0.16
39712

Phenotypic variation and correlation
The differences between the population means of at least some of the races were significantly
different (p-value < 10-5) for all traits except FLH and PH. Phenotypic mean and standard deviation for
individual races are listed in Supplementary Table S2. Variation in phenotypic distribution and correlation
between traits was observed across all traits (Figure 3). Grain yield was positively correlated with both GN
and GW while the two yield components (GN and GW) were slightly negatively correlated to each other.
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While BL showed a significantly negative correlation with grain yield traits, remaining plant and
inflorescence architecture traits (PH, FLH and PL) didn’t exhibit any significant correlation to grain yield
traits. Grain yield, GN, PH, FLH were all significantly positively correlated with DTA, whereas PL and GW
showed significantly negative correlation with DTA.

Prediction accuracy and racial structure
Mean prediction accuracy of a trait is known to be directly related to its heritability (Combs and Bernardo,
2013). We were interested in the nature of relationship between CV1 prediction accuracy and total genomic
heritability across all traits. Therefore, we ran correlation using mean estimates of CV1 accuracy from all
traits to their respective genomic heritabilities and observed a strong correlation (0.63) between the two. For
the CV1 method, the highest and lowest r were 0.69 for GW and 0.52 for GN and DTA, respectively. Among
the traits studied, PH and GN had the highest and lowest genomic heritabilities, respectively (Figure 4a).
Despite low heritability, GY had a mean r of 0.57 for the CV1 method and DTA had lowest r (0.52) despite
moderate-high genomic heritability (0.73). As expected, r from the CV1 method were always higher than r
from CV2 prediction methods for all traits, which can be ascribed to the larger training population size and
similar population structure between training and validation population in CV1 (Table 2).
Figure 4b shows decomposition of the CV1 accuracy into covariances resulting from conditional
expectation of races. The scaled covariances Erace and Covrace represent expectation due to race and
covariances due to individuals within race, respectively. The mean covariances Erace and Covrace were
positively correlated with posterior means of across (0.61) and within race (0.81) genomic heritabilities,
respectively. The estimates for covariances Erace and Covrace were comparable to estimates of r for AR and
WR prediction, respectively, except for height. The estimates of covariances and variance of predicted values
for AR prediction method were smaller than in WR (Supplementary Table S3). Hence, the differences in
mean r between the two methods weren’t as pronounced as seen in rice and maize (Guo, et al., 2014).
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Figure 3. Distribution and pairwise correlations for adjusted phenotypic mean for all eight traits. Histograms
for traits is displayed along the diagonal. Scatterplots with line of fit (red line) for all individuals in the
diversity panel are to the left and below the diagonal. Pearson correlation coefficient between the traits shown
above the diagonal and to the right. Significance level: *p < 0.05, **p < 0.01, **p < 0.001. BL: panicle branch
length, DTA: days to anthesis, FLH: flag leaf height, GN: grain number per primary panicle, GW: thousand
grain weight, GY: grain yield per primary panicle, PH: plant height, PL: panicle length.
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Table 2. Mean prediction accuracy (r) of different cross validation methods for all traits studied. Values
represent mean ± standard deviation. CV1: cross validation method-1, AR: across race, WR: within race,
SRT: single race training.
Trait
CV1
WR
AR
SRT
Days to anthesis
0.52 ± 0.01
0.24 ± 0.23
0.12 ± 0.32
0.11 ± 0.23
Flag leaf height
0.58 ± 0.03
0.41 ± 0.23
0.34 ± 0.33
0.32 ± 0.21
Grain number/panicle
0.52 ± 0.02
0.25 ± 0.12
0.27 ± 0.30
0.26 ± 0.20
1000-grain weight
0.69 ± 0.02
0.61 ± 0.10
0.37 ± 0.27
0.43 ± 0.20
Grain yield/panicle
0.57 ± 0.02
0.36 ± 0.12
0.35 ± 0.30
0.38 ± 0.17
Plant height
0.63 ± 0.02
0.46 ± 0.15
0.45 ± 0.28
0.36 ± 0.18
Panicle length
0.65 ± 0.01
0.25 ± 0.31
0.12 ± 0.33
0.14 ± 0.21
Terminal branch length
0.67 ± 0.07
0.38 ± 0.24
0.20 ± 0.31
0.26 ± 0.19
a

b

Figure 4. Posterior means of, a) within-subpopulation and across-subpopulation genomic heritabilities using
first five principal components, b) scaled covariances due to condition expectation of race in CV1 prediction.
E_race represents covariance due to race, and Cov_race represents covariance due to individuals within race.
h^2, genomic heritability; PH, plant height; GW, thousand grain weight; FLH, flag leaf height; GN, grain
number per panicle; GY, grain yield per primary panicle; DTA, days to anthesis; BL, primary branch length;
PL, panicle length.
Among CV2 prediction methods, estimates of r for WR were higher than AR for BL, DTA, FLH,
GW and PL, but the two methods had similar estimates for PH, GN and GY (Table 2). However, r for
different CV2 methods varied depending on the combination of trait and race (Supplementary Table S4).
Posterior means of within-subpopulation genomic heritabilities were moderately correlated (0.4) to mean r
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from WR prediction. The average r for WR were higher than AR for caudatum and durra whereas the two
methods had similar averages for guinea, kafir, and mixed (Supplementary Table S4). Plant height and FLH
showed smaller difference in r between AR and WR prediction across all races, whereas GW showed
consistently higher estimates of r for WR over AR for all races. Among all the traits, GW had highest mean
r for WR (0.61) and SRT (0.43) prediction methods, while PH (0.45) had highest r for AR.
In SRT method, the traits that are heavily correlated to racial structure (DTA, PL, BL, GN and GY)
were poorly predicted than PH, FLH and GW (Figure 5). In general, the races durra and caudatum resulted
in poor prediction for SRT method when introduced in model as training or validation populations compared
to mixed and guinea races (Figure 5). The two former races are thought to have diverged recently than the
latter two (Kimber, et al., 2013). So we conducted an additional across race cross-validation using a random
subset of 36 kafir accessions as validation population and a combination of 36 accessions from one or many
remaining races as training population (Supplementary Figure S2). We started with 36 accessions from mixed
race based on earlier divergence and best predictor of kafir in CV2 SRT prediction results. Mixed race by
itself predicted as good as or better than most of combination which is expected due to the closer relationship
and larger diversity of the race (Supplementary Figure S2). However, a combination of guinea and mixed
performed the best for plant height and grain number. Grain yield showed increase in accuracy with
combination of various races except in the case of MD (mixed-durra). While mixed race is more closely
related to all other races, consistently better performance of guinea and kafir as validation population in SRT
could be due the amount of shared (versus population-specific) allelic variation in these groups. We observed
higher proportions of intermediate frequency minor alleles (0.1 to 0.4) in mixed and guinea than in caudatum,
durra and kafir (Supplementary Figure S3). We identified private alleles in each races as the minor alleles
that were present in a particular race and were absent in all other races. Within the mixed race group, there
were 3,378 private polymorphisms that were not present in any of the other races, although on average these
were only present at low frequencies within the population mean (MAF = 0.03). Caudatum had fewer private
polymorphisms (1,843), with a mean MAF of 0.04. Durra, on the other hand, had the highest number of
private SNPs with 3,969 and the highest mean MAF for these sites (0.07). The races kafir and guinea had no
private alleles.
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In order to assess the effect of training population size in r for AR and WR method, we ran cross
validations using accessions in race caudatum using training population sizes of 28, 52, 74, 96, and 110. We
ran cross validations only for PH, GN, GW, and GY because they have varying trait genetic architecture, PH
and GW have relatively high genomic heritability, whereas GY and GN have relatively low heritability. So
we reasoned using these four traits will be sufficient to deduce necessary information about the role of
training population size, while keeping the analysis relatively simple. We observed that while increasing
training population size showed consistent increase in r for WR prediction of all four traits, increasing
training population size did not always lead to increased r in AR prediction (Figure 6). Mean r for WR was
always higher than AR for GW across all training population sizes, whereas they were similar for PH among
the two methods. For GN and GY, r was higher for AR prediction when training population size was 28
individuals and similar when training population size was 52. At larger training population size, WR
prediction method had larger r than AR prediction.
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Figure 5. Heatmap showing mean prediction accuracies (r) from pairwise single race (SRT) prediction in
CV2 prediction method. The races to the right of the heatmap represent training race followed by validation
race. Tree cluster to the top and left is based on hierarchical clustering of the values from column and rows,
respectively. PH, plant height; GW, thousand grain weight; FLH, flag leaf height; GN, grain number per
panicle; GY, grain yield per primary panicle; DTA, days to anthesis; BL, primary branch length; PL, panicle
length.
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Figure 6. Mean prediction accuracies from across race (AR) and within race (WR) prediction methods for
different training population sizes in caudatum. Colors represent cross validation methods, blue = AR, red =
WR. GN = grain number, GW = grain weight, GY = grain yield, PH = plant height.

Discussion
Genetic differentiation and racial structure
The results from the population structure analysis support five subpopulation clusters in our sorghum
diversity panel. While the four subpopulations were congruent with the four most recent sorghum races, the
bicolor race was not diverged enough to form one distinct group. This is consistent with previous observations
from clustering analysis in populations consisting of diverse sorghum accessions (Brown, et al., 2011, Deu,
et al., 2006, Wang, et al., 2013). The hypothesis of Harlan and Stemler (1976) that the guinea race was
probably the earliest to have diverged from the early bicolor domesticates is supported by our neighbor
joining analysis (Figure 2c). Sorghum propinquum, an outgroup diploid species from southeast Asia,
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clustering together with the guinea clade suggests guinea potentially diverged from the early bicolor prior to
the divergence of kafir, durra and caudatum. Furthermore, we also see a large proportion of shared alleles
and higher allelic diversity among guinea than the evolutionarily recent races, which, however, could also be
due to higher rate of gene flow.

Genetic diversity and linkage disequilibrium
Our diversity panel is representative of much of the genetic, phenotypic and geographic diversity of the global
sorghum germplasm, and therefore it is an excellent resource for genetic dissection of agronomically
important traits and adaptation. Patterns of LD, Tajima’s D and genetic diversity from the whole population
and within different races suggest strong genetic bottlenecks in our population as a result of domestication,
adaptation, and artificial selection. The rate of LD decay, Tajima’s D and genetic diversity in our population
were comparable to estimates from previous studies (Hamblin, et al., 2004, Mace, et al., 2013, Wang, et al.,
2013). Average distance to half decay of LD was similar to that reported by Mace, et al. (2013) for improved
inbreds, and lower than the previous estimates of Morris, et al. (2013). Wang, et al. (2013) using 242 diverse
accessions from a sorghum mini core collection and 13,390 SNPs, found that LD decayed to background
levels between 10 and 30 kb for all but chromosome 2. Average r2 for different sorghum races in our study
were consistent with estimates of Wang et al. (2013). Genetically least diverse racial types (kafir and
caudatum) showed higher extents of LD than the races with higher diversity, with the exception of guinea.
Previous studies involving separate diversity panels have also reported reduced diversity in kafir (Deu et al.
2006; Casa et al. 2008). The extensive LD and lower heterozygosity in kafir and caudatum might be the result
of limited cross-pollination and geographical isolation, whereas genetic drift and smaller sample size could
have contributed to slower rate of LD decay in guinea. Bouchet, et al. (2012) also observed similar outcomes
for LD and genetic diversity among sorghum races. The lower abundance of private alleles among races kafir
and guinea than caudatum and durra was observed by Bouchet, et al. (2012), which is consistent with lack of
private alleles for guinea and kafir in our population. Despite being the oldest and most heterozygous race
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guinea didn’t possess any private allele, which could be a result of small sample size of guinea in our
population.

Genomic prediction and racial structure
Heritabilities and CV1 prediction accuracy for grain yield and plant height in our study were similar to
previous studies in sorghum (Fernandes, et al., 2018, Hunt, et al., 2018, Yu, et al., 2016). Similar heritabilities
and r for flowering time, panicle length, plant height and grain number have previously been reported in a
rice diversity panel (Guo, et al., 2014) . The overwhelming contribution of within-subpopulation genomic
heritabilities towards the total genomic heritabilities of traits is comparable to previous observation in rice
(Guo, et al., 2014). Grain yield was predicted with consistently higher accuracy than grain number across all
cross validation methods despite similar heritabilities of the two traits. While both GN and GY are highly
correlated complex traits controlled by a large number of small effect loci, higher accuracy of GY over GN
could have resulted from strong positive correlation (0.43) of GY to GW, which has the highest r. Traits
controlled by large number of small effect loci are predicted with higher accuracy when higher allelic
diversity exists in the training population as compared to traits governed by few relatively large effect loci
(Norman, et al., 2018). With smaller training sizes for GN and GY the breadth of genetic diversity from all
races might have led to boost in r for AR over WR, but as training size increased the genomic relatedness in
WR appeared to outweigh the effect of genetic diversity, which resulted in stronger positive relationship
between r and training size in WR (Figure 6). Since the range of training size in our study is small, genetic
diversity did not increase substantially with increasing training size resulting in lack of linear relationship
between training size and r in AR for GN and GY.
Population structure resulting from domestication and diversifying selection leads to varying levels
of genetic relatedness among individuals within and between subpopulations. The accuracy with which
breeding values are estimated is affected by stratification in the population, and the effects are more
pronounced when the genetic architecture of the predicted trait is directly associated with population structure
(Isidro, et al., 2015, Windhausen, et al., 2012). Previous studies have shown that when population structure
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in training and testing populations is similar, it can contribute positively towards prediction accuracy
(Bastiaansen, et al., 2012, Crossa, et al., 2014, Guo, et al., 2014). But when cross validation strategies that
constrained population structure were implemented, it resulted in decline of r due to the weakened genetic
relationship among individuals in training and testing population (Guo, et al., 2014, Ly, et al., 2013, Lyra, et
al., 2018, Norman, et al., 2018).
In order to understand the contribution of racial structure in prediction accuracy of stratified
sampling method, we decomposed the CV1 accuracy into expectation over races (Erace) and covariance due
to individuals within race (Covrace). Almost non-existent Erace covariances for the two height traits, FLH and
PH, indicates race as a predictor contributed poorly towards prediction of height. On the other hand, race
contributed relatively larger proportion of total covariance for grain yield components and panicle
architecture traits. Since the racial structure of sorghum can be directly associated with panicle architecture
and indirectly to the grain yield components, proportion of across race genomic heritability and covariance
due to race were higher for those traits. We saw sharper decline in r for AR prediction compared to WR,
especially for panicle architecture traits, which could be attributed to poor genomic relationship between
training and validation population. Height traits, PH and FLH, that are less associated with racial structure
showed smaller decline in r than panicle architecture and grain yield traits. The SRT prediction method also
showed smaller r for pairwise prediction results for the panicle architecture traits than other traits. Yu, et al.
(2016) have previously observed that race as a predictor explains higher variation in predicted values of
biomass traits than actual phenotypic values in sorghum, suggesting that under the presence of similar racial
structure in training and validation population the accuracy of genomic prediction might have been inflated
as a result of overemphasis on racial differences (Brown, 2016). Our approach of decomposition of
covariances into conditional expectations due to race could be utilized in dissection of impact of population
structure in cross validation accuracy from stratified and random sampling methods in diverse as well as
breeding populations.
Cross validation approaches similar to the one employed in this study have resulted in higher r for
within population prediction than across population prediction in wheat (Norman, et al., 2018), rice and maize
(Guo, et al., 2014). Although average r across all races in our study was higher for within population for most
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of the traits, the variation in r for individual race and trait combination shows interaction between population
structure and trait genetic architecture. Higher r for WR over AR among the races caudatum and durra could
be because of higher proportion of private alleles and smaller proportion of intermediate frequency minor
alleles. This could be the reason for smaller difference between average r for AR and WR among guinea,
kafir and mixed, as these races show lack of private alleles and/or higher genetic diversity. Furthermore, the
results from clustering analysis have shown that the mixed race has closest genetic relationship to the rest of
the four races. Our SRT prediction which was a good measure of pairwise predictive relationship between
two races also shows that kafir, guinea and mixed have better predictive relationship to each other than to
caudatum and durra. This was further supported by our cross-validation using various combination of races
to predict kafir, evolutionarily the most recent race (Supplementary Figure S2). Genetic diversity and
divergence seems to have an important impact in prediction accuracy, which needs to be an important
consideration during training population design for diverse germplasm evaluation.

Potential applications for sorghum breeding
Genomic prediction was first introduced roughly two decades ago and has been applied in plant breeding for
over a decade (Bernardo and Yu, 2007, Meuwissen, et al., 2001). However, studies investigating prospects
and applications of genomic prediction in sorghum are limited. A few studies have been reported for biomass
traits in diversity panels (Yu et al. 2016; Fernandes et al. 2017), grain yield in pedigreed male inbred lines
(Hunt et al. 2018), and a simulation study investigating prospects in a small sorghum breeding program
(Muleta et al. 2019). While clearly defined heterotic pools do not exist in sorghum as they do in maize, races
have long been exploited by sorghum breeding programs for hybrid production. If we are to exploit the vast
genetic diversity of races in sorghum breeding, we need a more comprehensive understanding of how racial
structure impacts prediction accuracy for economically and agronomically important traits.
Our study suggests maintaining a genetically diverse training population that includes a
mixed/intermediate race might boost prediction accuracy when training population size is constrained. This
strategy might be beneficial for young and small breeding programs where breeders have limited resource to
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construct individual training population for different breeding populations (Muleta, et al., 2019).
Furthermore, new phenotypic data from diverse lines when added into the training population can allow for
maintenance and increase in frequency of advantageous minor alleles in the gene pool. Guinea had the highest
mean prediction accuracy for grain yield and grain weight irrespective of prediction method, suggesting a
genetically diverse training population is likely to predict the yield potential of best performing guinea more
accurately than individuals from any other race. So breeding programs in West Africa, where guinea sorghum
is widely grown, could utilize genotypic and phenotypic data from all racial types in training population
design for genomic prediction of guinea varieties. Our results from the SRT method showed that moderate
prediction accuracy can be gained even by using a single completely unrelated race as a training population
for grain yield components and height. Historically, sorghum breeding programs in the US have heavily
relied on kafir and caudatum types while genetic diversity from other races are underutilized. While breeding
programs with plentiful resources could gain higher selection accuracy by simply increasing training
population size and designing several independent training populations, the utilization of interracial diversity
in genomic prediction could help in introducing novel sources of variation for diseases and pest resistance as
well as genetic variation for increasing yield potential in the long run. Similarly, another way to increase
selection accuracy and genetic gain of complex traits is through utilization of trait-assisted and indirect
genomic selection when highly heritable and correlated secondary traits are available (Fernandes et al. 2017).
For example, durra accessions in our results show a within race prediction accuracy of 0.33 and 0.43 for grain
number and grain yield but an accuracy of 0.81 and 0.79 for branch length and panicle length, respectively.
Panicle architecture could be used in indirect or trait-assisted genomic prediction for grain yield by breeding
programs dominated by durra type sorghum varieties. In addition to utilization of within and across group
genetic variances, optimization algorithms could also help in efficient design of training population for
diversity panels and breeding populations (Akdemir, et al., 2015, Isidro, et al., 2015).
For effective use of crop diversity in sorghum breeding, a breeder might want to work with best
representatives from all races rather than opting for the best lines of some races (Brown, 2016). In practical
applications, prediction accuracy of traits that are affected by population structure can be increased by using
genetically distant subpopulations as parental lines (Guo, et al., 2014). Our results can be useful in such an
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effort because understanding how individuals of certain race respond to models trained using unrelated races
can provide insights into how overall genetic diversity can be deployed in prediction of different racial types.
For example, the prediction results from our SRT method shows guinea or mixed race with 37 individuals
predicted GN and GY in kafir with higher accuracy than from using 52 kafir accessions (Figure 3,
Supplementary Table S3). This kind of empirical evidences of predictive relationship can help in identifying
trait-specific and race-specific training design for genomic prediction highlighting the need for more
explorative and empirical case studies in natural and breeding populations.

Conclusion
Similar population structure between training and testing population can have positive impact on accuracy
of genomic prediction. However, inflation in prediction accuracy could be an outcome of genomic prediction
models overemphasizing racial differences. Prediction accuracy among races with higher proportion of allelic
diversity and/or shared alleles is boosted by training population with higher genetic diversity despite poor
genomic relationship, whereas genomic relationship outweighed genetic diversity among races with limited
diversity and/or presence of unique polymorphisms. Therefore, training population design for a historically
diverse and structured population in sorghum requires careful consideration of genetic structure of the testing
population. While the sorghum association panel (SAP) was not intended for genomic prediction, the breadth
of genetic and phenotypic diversity in this panel can allow for its application as training population for
estimation of breeding values of diverse gene bank accessions. To that objective, including more guinea and
bicolor accessions to the panel would be beneficial because our results show that accessions in these races
boosts prediction accuracy as training and testing population.
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Abstract
Cereal grains, primarily composed of starch, protein, and fat, are major source of staple for human
and animal nutrition. Sorghum, a cereal crop, serves as a dietary staple for over half a billion people
in the semi-arid tropics of Africa and South Asia. Genomic prediction has enabled plant breeders to
estimate breeding values of unobserved genotypes and environments. Therefore, the use of genomic
prediction will be extremely valuable for compositional traits for which phenotyping is labor-intensive
and destructive for most accurate results. We studied the potential of Bayesian multi-output regressor
stacking (BMORS) model in improving prediction performance over single trait single environment
(STSE) models using a grain sorghum diversity panel (GSDP) and a biparental recombinant inbred
lines (RILs) population. A total of five highly correlated grain composition traits: amylose, fat, gross
energy, protein and starch, with genomic heritability ranging from 0.24 to 0.59 in the GSDP and 0.69
to 0.83 in the RILs were studied. Average prediction accuracies from the STSE model were within a
range of 0.4 to 0.6 for all traits across both populations except amylose (0.25) in the GSDP. Prediction
accuracy for BMORS increased by 41% and 32% on average over STSE in the GSDP and RILs,
respectively. Predicting whole environments by training with remaining environments in BMORS
yielded higher average prediction accuracy than from STSE model. Our results show regression
stacking methods such as BMORS have potential to accurately predict unobserved individuals and
environments, and implementation of such models can accelerate genetic gain.
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Introduction
Cereal grains provide more than half of the total human caloric consumption globally and amount to
over 80% in some of the poorest nations of the world (Awika, 2011). Sorghum [Sorghum bicolor (L.)
Moench], a drought-tolerant cereal crop, is a dietary staple for over half a billion people of semi-arid
tropics which is inhabited by some of the most food insecure and malnourished populations (Mace
et al., 2013). In industrialized countries, such as United States and Australia, grain sorghum is
primarily grown for animal feed. But in recent years the uses of sorghum grain have expanded to
baking, malting, brewing, and biofortification (Taylor et al., 2006; Taylor, 2012; Zhu, 2014). Therefore,
genetic improvement of sorghum grain composition is crucial to mitigate the global malnutrition
crisis, to increase efficiency of feed grains used in animal production, and to serve evolving niche
markets for gluten-free grains.
In the last two decades, the use of genome-wide markers in prediction of genetic merit of individuals
has revolutionized plant and animal breeding. Genomic prediction (GP) uses statistical models to
estimate marker effects in a training population with phenotypic and genotypic data which is then
used to predict breeding values of individuals solely from genetic markers (Bernardo et al., 2007;
Meuwissen et al., 2001). Training population size, genetic relatedness between individuals in training
and testing population, marker density, span of linkage disequilibrium and genetic architecture of
traits are some of the factors that can affect the predictive ability of the models (Combs et al., 2013;
Habier et al., 2007; Zhong et al., 2009). Genomic prediction models are routinely studied and applied
by breeding programs around the world in several crops. Novel statistical methods that are capable
of incorporating pedigree, genomic, and environmental covariates into statistical-genetic prediction
models have emerged as a result of extensive computational research (Crossa et al., 2017).
One of the main advantages of GP is that breeders can use phenotypic values from some lines
in some environments to make predictions of new lines and environments. Genomic best linear
unbiased prediction (GBLUP) proposed by VanRaden (2008) is probably the most widely used
genomic prediction model in both plant and animal breeding. Since then GBLUP model has been
extended to include G × E interactions resulting in improved prediction accuracy of unobserved
lines in environments (Burgueño et al., 2012; Jarquın et al., 2014). Burgueño et al. (2012) found an
increase in prediction ability of unobserved wheat genotypes by about 20% in multi-environment
GBLUP model compared to single environment model. Also an extension of the GBLUP model,
Jarquın et al. (2014) introduced a reaction norm model which introduces the main and interaction
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effects of markers and environmental covariates by using high-dimensional random variance-covariance
structures of markers and environmental covariates. While most of the genomic prediction studies
have been on individual traits, breeding programs use selection indices based on several traits to
make breeding decisions. To address those challenges, expanded genomic prediction models that
perform joint analysis of multiple traits have been studied using empirical and simulated data (Guo
et al., 2014a; Jia et al., 2012). Subsequent improvement in prediction accuracy from multi-trait
model over single-trait model depends on trait heritability and correlation between the traits involved
(Jia et al., 2012; Lado et al., 2018).
Data generated in breeding programs span multiple environment and are recorded for multiple
traits for each individual. While multi-environment models and multi-trait models are implemented
separately, a single model to account for complexity of variance-covariance structure in a combined
multi-trait multi-environment (MTME) model was lacking until Montesinos-López et al. (2016)
developed a Bayesian whole genome prediction model to incorporate and analyze multiple traits and
multiple environments simultaneously. Montesinos-López et al. (2016) also developed a computationally efficient Markov Chain Monte Carlo (MCMC) method that produces a full conditional distribution
of the parameters leading to an exact Gibbs sampling for the posterior distribution. Another MTME
model that employs a completely different method was proposed by Montesinos-López et al. (2019).
This method, called the Bayesian multi-output regression stacking (BMORS), is a Bayesian version
of multi-target regressor stacking (MTRS) originally proposed by Spyromitros-Xioufis et al. (2012,
2016). This method consists of training in two stages: first training multiple learning algorithms for
the same dataset and then subsequently combining the predictions to obtain the final predictions.
Genomic prediction for grain quality traits has previously been reported in crops such as wheat
(Battenfield et al., 2016; Haile et al., 2018; Heffner et al., 2011), rye (Schulthess et al., 2016), maize
(Guo et al., 2014b), and soybean (Duhnen et al., 2017). Hayes et al. (2017) and Battenfield et al.
(2016) used near-infrared derived phenotypes in genomic prediction of protein content and end-use
quality in wheat. Multi-trait genomic prediction models can simultaneously improve grain yield and
protein content despite being negatively correlated (Haile et al., 2018; Rapp et al., 2018). In sorghum,
grain macronutrients have shown to be inter-correlated among one another (Boyles et al., 2017),
which suggests the multi-trait models may increase predictive ability of individual grain quality
traits. The ability to assess genetic merit of unobserved selection candidates across environments is
promising for reducing evaluation cost and generation interval in the sorghum breeding pipeline where
parental lines of commercial hybrids are currently selected on the basis of extensive progeny testing
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(Velazco et al., 2019). In order to extend capacities to performance index selection for multiple
environments, we need to study and effectively implement MTME genomic prediction models in our
breeding programs. In this study, we report the first implementation of genomic prediction for grain
composition in sorghum, and the objective was to assess potential for improvement in prediction
accuracy of multi-trait regressor stacking model over single trait model for five grain composition
traits: amylose, fat, gross energy, protein and starch.

Materials and methods
Plant material
Grain sorghum diversity panel:
A grain sorghum diversity panel (GSDP) of 389 diverse sorghum accessions was planted in randomized
complete block design with two replications in 2013, 2014, and 2017 field seasons at the Clemson
University Pee Dee Research and Education Center in Florence, SC. The GSDP included a total
of 332 accessions from the original United States sorghum association panel (SAP) developed by
Casa et al. (2008). The details on experimental field design and agronomic practices are described in
Boyles et al. (2016) and Sapkota et al. (2020). Briefly, the experiments were planted in a two row
plots each 6.1 m long, separated by row spacing of 0.762 m with an approximate planting density of
130,000 plants ha−1 . Fields were irrigated only when signs of drought stress was seen across the field.
Recombinant inbred population:
A biparental population of 191 recombinant inbred lines (RILs) segregating for grain quality traits
was studied along with the GSDP. The parents of the RIL population were BTx642, a yellow-pericarp
drought tolerant line, and BTxARG-1, a white pericarp waxy endosperm (low amylose) line. The
population was planted in two replicated plots in randomized complete block design across two years
(2014 and 2015) in Blackville, SC and College Station, TX. Field design and agronomic practices
have previously been described in detail in Boyles et al. (2017).

Phenotyping
The primary panicle of three plants selected from each plot were harvested at physiological maturity.
The plants from beginning and end of the row were excluded to account for border effect. Panicles
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were air dried to a constant moisture (10-12%) and threshed. A 25g subsample of cleaned and
homogenized grain ground to 1-mm particle size with a CT 193 Cyclotec Sample Mill (FOSS North
America) was used in near-infrared spectroscopy (NIRS) for compositional analysis.
Grain composition traits such as total fat, gross energy, crude protein, and starch content can
be measured using NIRS. Previous studies have shown high NIRS predictability of the traits used
in feed analysis (Alencar Figueiredo et al., 2010; Kays et al., 2002). We used a DA 7250TM NIR
analyzer (Perten Instruments). The ground sample was packed in a gradually rotating Teflon dish
positioned under the instrument’s light source and predicted phenotypic values was generated based
on calibration curve for spectral measurements. The calibration curve was built using wet chemistry
values from a subset of samples. The wet chemistry was performed by Dairyland Laboratories, Inc.
(Arcadia, WI) and the Quality Assurance Laboratory at Murphy-Brown, LLC (Warsaw, NC). The
details on the prediction curves and wet chemistry can be found in Boyles et al. (2017).

Genotypic data
Genotyping-by-sequencing (GBS) was used for genetic characterization of the GSDP and RILs
populations (Boyles et al., 2016, 2017; Morris et al., 2013). Sequenced reads were aligned to the
BTx623 v3.1 reference assembly (phytozome) using Burrows-Wheeler aligner (Li et al., 2010). SNP
calling, imputation and filtering was done using TASSEL 5.0 pipeline (Glaubitz et al., 2014). The
TASSEL plugin FILLIN for GSDP and FSFHap for RILs population were used to impute for missing
genotypes. Following imputation SNPs with minor allele frequency (MAF)<0.01, and sites missing
in more than 10% and 30% of the genotypes in GSDP and RILs, respectively, were filtered. The
number of genotypes studied for each population represent those with at least 70% of SNP sites. The
genotype matrix with 224,007 SNPs from GSDP and 56,142 SNPs from RILs population was used
for whole genome regression.

Statistical analysis
The statistical software environment ’R’ was used for model building and analysis (R Core Team,
2019). The phenotypic values of the traits were adjusted for random effects of replications within
environment using ’lme4’ package in R (Bates et al., 2015). Principal component analysis was
done using the R package ’factoextra’ (Kassambara et al., 2017). Marker-based estimates of narrow
sense (genomic) heritabilities were calculated using the SNP genotype matrix and phenotypic values
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using the R package ’heritability’ (Kruijer et al., 2015). A matrix with dummy variables ’1’ and ’0’
representing combinations of environmental variables (replication and year for GSDP, and replication,
year and location for RILs) was used as co-variate in heritability estimation.
Single-trait single-environment (STSE) model:
The following genomic best linear unbiased prediction (GBLUP) model was used to assess prediction
performance of an individual trait from a single environment:

yj = µ + gj + ej

(1)

where yj is a vector of adjusted phenotypic mean of the j th line (j = 1, 2,..., J ). µ is the overall
mean which is assigned a flat prior, gj is a vector of random genomic effect of the jth line, with
g = (g1 , ..., gj )T ∼ N (0, Gσ12 ), σ12 is a genomic variance, G is the genomic relationship matrix in the
order J × J and is calculated (VanRaden, 2008) as G =

2

ZZ
P

T

pj q j

, where qj and pj denote major

and minor allele frequency of j th line respectively, and Z is the design matrix for markers of order J
× p (p is total number of markers). Further, ej is residual error assigned the normal distribution
e ∼ N (0, Iσe2 ) where I is identity matrix and σe2 is the residual variance with a scaled-inverse
Chi-square density.
Bayesian multi-environment (BME) GBLUP model:
Considering genotype × environment interaction can contribute to substantial amount of phenotypic variance in complex traits, we fit the following univariate linear mixed model to account for
environmental effects in prediction performance:

yij = Ei + gj + gEij + eij

(2)

where yj is a vector of adjusted phenotypic mean of the j th line in the i th environment (i = 1,
2,.., I, j = 1, 2,..., J ). Ei represents the effect of i th environment and gj represents the genomic effect
of the j th line as described in equation 1. The term gEij represents random interaction between the
genomic effect of j th line and the i th environment with gE = (gE11 ,..., gEIJ )T ∼ N (O, σ22 II ⊗ G),
where σ22 is an interaction variance, and eij is a random residual associated with the jth line in the
ith environment distributed as N(0, σe2 ) where σe2 is the residual variance.
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Bayesian multi-output regressor stacking (BMORS):
BMORS is the Bayesian version of multi-trait (or multi-target) regressor stacking method (MontesinosLópez et al., 2019). The multi-target regressor stacking (MTRS) was proposed by Spyromitros-Xioufis
et al. (2012, 2016) based on multi-labeled classification approach of Godbole et al. (2004). In BMORS
or MTRS, the training is done in two stages. First, L univariate models are implemented using
the multi-environment GBLUP model given in equation 2, then instead of using these models for
prediction, MTRS performs the second stage of training using a second set of L meta-models for
each of the L traits. The following model is used to implement each meta-model:

yij = β1 Ẑ1ij + β2 Ẑ2ij + ... + βL ẐLij + eij

(3)

where the covariates Ẑ1ij , Ẑ2ij ,..., ẐLij represent the scaled prediction from the first stage training
with the GBLUP model for L traits, and β1 , ..., βL are the regression coefficients for each covariate
in the model. The scaling of each prediction was performed by subtracting its mean (µlij ) and
−1
dividing by its corresponding standard deviation (σlij ), that is, Ẑlij = (ŷlij - µlij )σlij
, for each l =

1,..., L. The scaled predictions of its response variables yielded by the first-stage models as predictor
information by the BMORS model. Simply put, the multi-trait regression stacking model is based
on the idea that a second stage model is able to correct the predictions of a first-stage model using
information about the predictions of other first-stage models (Spyromitros-Xioufis et al., 2012, 2016).
Performance of prediction model:
All prediction models were fit using Bayesian approach in statistical program ’R’. The STSE model
(1) was fit using the R package ’BGLR’ (Pérez et al., 2014), BME model (2) and BMORS model
(3) were fit using the R package ’BMTME’ (Montesinos-López et al., 2019). A minimum of 20,000
iterations with 10,000 burn-in steps was used for each Bayesian run.
The evaluation of prediction performance of models was done using a five-fold cross validation
(CV), which means 80% of the samples were used as training set and testing was done on the
remaining 20% for each cross-validation fold. The individuals were randomly assigned into five
mutually exclusive folds. Four folds were used to train prediction models and to predict the genomic
estimated breeding values (GEBVs) of the individuals in fifth fold (validation/test set). The accuracy
of prediction for each fold was calculated as Pearson’s correlation coefficient (r) between predicted
values and adjusted phenotypic means for the individuals in validation set. Each cross validation run,
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therefore, resulted in five estimates of prediction accuracy. The same set of individuals were assigned
to training and validation across different traits and models tested by using set.seed() function in R.
In order to avoid bias due to sampling, we performed 10 different cross-validation runs to calculate
the mean and dispersion of the prediction accuracies.

Results
Phenotypic variation
A single calibration curve for NIRS was used for both populations studied. Table 1 outlines the
summary statistics of NIRS predictions and phenotypic distribution and heritability of the grain
composition traits. The cross validation accuracy (R2 ) of the NIRS calibration curve was moderately
high to high, except for fat which had a moderate R2 value (0.41). We had a total of three
environments (three years in one location) for the GSDP and four environments (two years in two
locations) for the RILs. Traits were normally distributed except amylose in two 2014 environments
in the RILs which had bimodal distribution (S1 Fig, S2 Fig). All traits showed significant variation
in distribution across the environments, except starch in GSDP.
Table 1. Summary statistics of near infrared spectroscopy (NIRS) calibration and
phenotypic distribution in grain sorghum diversity panel (GSDP) and recombinant
inbred lines (RILs). R2 is the prediction accuracy and SECV is the standard error of cross
validation for the NIRS calibration curve. Mean represents the phenotypic mean of the trait with its
standard deviation (SD). h2 is the estimate of genomic heritability.
Trait
NIRS
GSDP
RILs
R2
SECV Mean ± SD
h2
Mean ± SD
h2
Amylose
0.60 2.24
13.87 ± 2.98
0.24 11.49 ± 4.32
0.77
Fat
0.41 0.53
2.53 ± 0.57
0.54 3.07 ± 0.67
0.76
Gross energy 0.71 25.80
4108.33 ± 55.15 0.59 4124.56 ± 41.74 0.69
Protein
0.96 0.27
12.02 ± 1.45
0.39 11.43 ± 1.03
0.83
Starch
0.89 0.75
68.30 ± 2.44
0.44 68.37 ± 1.87
0.79
The genomic heritabilities of all traits except gross energy were significantly higher (p <0.05)
in the RILs than in the GSDP (Table 1). Trait heritabilities were high in the RILs, with protein
and gross energy having the highest and lowest heritabilities, respectively. In the GSDP, genomic
heritability was moderately high for fat and gross energy, moderate for protein and starch, and low
for amylose. The poor genomic heritability (0.24) of amylose in the GSDP was expected because only
a very small proportion (1%) of accessions have low amylose as a result of waxy gene (Mendelian
trait).
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Fig 1 shows correlation between the adjusted phenotypic means for trait and environment
combination. Starch was negatively correlated (p<0.001) with all other traits in both populations
except for amylose in the RILs. Fat, protein and gross energy were significantly positively (p<0.001)
correlated to each other across environments in both populations. The strongest positive correlation
was between gross energy and fat, whereas the strongest negative correlations were found between
starch ∼ gross energy and starch ∼ protein. Moderate to high positive correlation was observed
between years for all traits (Fig 1). We conducted a principal component analysis (PCA) of correlation
matrix for the traits in each environment. In both populations, the first component separated amylose
and starch from the other three traits, whereas, the second component separated amylose from starch
and gross energy from protein and fat (S3 Fig). The first component explained 78.8% and 75.9%
of variation, and second component explained 6.3% and 9.8% of variation in the GSDP and RILs,
respectively. The third principal component in the RILs separated proteins from fat and explained
about 7.6% of the variation.

Figure 1. Correlation between traits across year and location combination for the two
populations. Ams: amylose, GE: gross energy, Prt: protein, Sta: starch, SC: South Carolina, TX:
Texas, and numbers in x and y-axes represent the year.

Prediction performance in single and multiple environment
We first implemented GBLUP prediction model for single-trait single-environment (STSE). Prediction accuracies of the STSE model varied across environments in both populations (Fig 2). The
environments 2014 in the GSDP and TX2014 in the RILs had highest average prediction accuracy
but were not always the best predicted environment for all traits. While poorly predicted for amylose,
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the environments 2017 in the GSDP and TX2015 in the RILs had higher prediction accuracy for
starch compared to all or most environments. Despite variation across environments and populations,
the average prediction accuracies from the STSE were within the range of 0.4 to 0.6 for all traits
except amylose (0.25) in the GSDP. The average prediction accuracy of the STSE model in the GSDP
was positively correlated (r=0.86) with the genomic heritability of the traits. In the RILs, there
was a positive correlation (r=0.77) between average prediction accuracy and genomic heritability for
amylose, fat and gross energy, but the traits (protein and starch) with the highest heritabilities had
relatively lower average prediction accuracies.

Figure 2. Prediction accuracy for single-trait single-environment model. Legend represents the environment/years. SC: South Carolina, TX: Texas. Pale blue dots represent the mean of
prediction accuracy.
We didn’t see substantial improvement in multi-environment (BME) model over the STSE
prediction accuracies (Fig 3). In the GSDP, the multi-environment models resulted in a decline
in average prediction accuracy compared to the STSE model for fat (21%), amylose (10%) and
protein (4%), however, no significant change was observed for gross energy and starch (S4 Fig, S1
Table). The prediction accuracy in the RILs increased by an average of 3% in the BME compared to
the STSE, however, the overall trend of prediction accuracy for traits and environments remained
unchanged (S4 Fig). The environment SC2014 showed consistent increase in accuracy for BME over
STSE model across all traits with about 10% increase for protein (S2 Tab). Amylose in TX2015
environment had the single greatest increase (12%) in average prediction accuracy in the BME among
all trait-environment combinations for the RILs.
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Figure 3. Average prediction accuracy of traits for the three prediction methods in the
two populations.

Bayesian multi-output regression stacking
We tested two different prediction schemes in the BMORS prediction model using the two functions
BMORS() and BMORS Env() as described in Montesinos-López et al. (2019). While the BMORS()
function was used for a five-fold CV as described in the methods section, the BMORS Env() was used
to assess the prediction performance of whole environments while using the remaining environments
as training.
Five-fold CV
The prediction accuracy from five-fold CV in BMORS increased by 41% and 32% on average over
the STSE model in GSDP and RILs, respectively. Fig 4 shows the prediction accuracy of BMORS
for each trait and environment combination across the two populations. While the percent change in
accuracy varied across environments, the BMORS model nonetheless had higher average prediction
accuracy than the STSE and BME models for all traits (Fig 3). The increase in average accuracy
ranged from 11% (amylose, 2014) to 66% (amylose, 2013) in the GSDP with exception of amylose in
2017 (13% decrease), and 15% (fat, SC2015) to 60% (protein, TX2014) in the RILs (S1 Table). The
increase in average prediction accuracy was higher (35%) for both locations in 2014 for the RILs,

75

whereas, the year 2013 in the GSDP increased the most (S1 Table, S2 Table). Among the traits,
protein (54%) had the greatest average increase in prediction accuracy in the GSDP, whereas in the
RILs, protein and starch (42%) both showed the greatest increase.

Figure 4. Prediction accuracy of Bayesian multi-output regressor stacking (BMORS)
model using five-fold CV. Legend represents the years/environment. SC: South Carolina, TX:
Texas. Pale blue dots show mean of the prediction accuracy.

Prediction of whole environment
Predicting a whole environment using the BMORS model usually yielded higher accuracy than the
mean prediction accuracy from the STSE model for each trait and environment combination (Fig 2,
5, Table 2). The distribution of prediction accuracy across trait and environment combination were,
however, similar to the results from the STSE model. In the GSDP, little variation in prediction
accuracies was observed across environments for gross energy, starch and protein, whereas, amylose
and fat showed greater variability in prediction accuracy between environments. In the RILs,
prediction accuracy for all traits except protein had high variability across the environments (Table
2).
In order to assess predictability by location or year in the RILs, we tested one location or year
by training the BMORS model using the other location or year, respectively (Table 2). The Texas
location had higher accuracy of prediction for fat (+0.11) and gross energy (+0.1) compared to
South Carolina, but rest of the traits had similar prediction accuracy (difference <0.02). Prediction
accuracy of whole years varied across traits, amylose (+0.09) and fat(+0.04) were higher in 2014,
protein was higher (+0.05) in 2015, and starch and gross energy were similar.

76

Figure 5. Prediction accuracy of the test environments predicted using the Bayesian
multi-output regressor stacking (BMORS) for whole environment in the diversity panel.
Values on top of the bar represent the height of the bar.
Table 2. Prediction accuracy of the test environments predicted using the BMORS Env
in the RILs.
Trait
Year × Location
Location
Year
SC2014 SC2015 TX2014 TX2015 SC
TX
2014 2015
Amylose
0.79
0.80
0.88
0.60
0.76 0.74 0.74 0.65
Fat
0.69
0.49
0.78
0.74
0.60 0.71 0.64 0.60
Gross energy 0.56
0.49
0.62
0.66
0.48 0.58 0.56 0.56
Protein
0.65
0.66
0.66
0.70
0.59 0.58 0.61 0.66
Starch
0.64
0.52
0.68
0.60
0.55 0.56 0.56 0.55

Discussion
Phenotyping for grain compositional traits is: 1) challenging and labor-intensive, 2) destructive
for most accurate results, and 3) only performed after plants reach physiological maturity and are
harvested. The use of genomic prediction for compositional traits will be extremely valuable because
it increases selection intensity and decreases generational interval by overcoming the phenotyping
challenges. Moreover, these traits are complex and quantitatively inherited so will benefit from
genomic prediction’s ability to account for many small effect QTLs in estimating breeding values.
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Trait architecture and prediction accuracy
While the accuracy of NIRS calibration for traits in this study ranged from moderate to high, there
was prediction error associated with NIRS prediction. However, it is unclear if and what effects
NIRS prediction error had on genomic prediction. No direct correlation was observed between the
genomic prediction accuracy and NIRS statistics for the traits studied. The trait with the lowest
NIRS R2 , fat, was predicted as well as or better than starch, protein and gross energy, which had
NIRS R2 >0.7. Despite varying strength of correlations between traits across the two populations
studied, the nature of relationship was similar for a given pair of traits, which is also in agreement
with previous studies (Boyles et al., 2017; Murray et al., 2008; Sukumaran et al., 2012). The strong
negative relationship of starch and amylose to protein, fat and gross energy was further elucidated
by the PCA analysis of phenotypic correlation matrix (S3 Fig). Since starch, protein and fat were
measured on a percent dry matter basis, the strong correlation between them is expected.
Genetic relatedness and trait architecture are known to affect the accuracy of genomic prediction
(Habier et al., 2007; Jannink et al., 2010). The genetic relatedness between individuals and heritability
of the traits were higher in the RILs than in GSDP (S3 Fig, Table 1 ). Those factors could be
contributing to higher average prediction accuracy in the RILs. However, the average prediction
accuracies for gross energy and starch were comparable between GSDP and RILs (Fig 3). Prediction
accuracy in the GSDP could have been boosted by greater genetic diversity despite lower genetic
relatedness (Sapkota et al., 2020). Heffner et al. (2011) observed a prediction accuracy of 0.5-0.6 for
wheat flour protein in two biparental populations. Guo et al. (2014b) reported prediction accuracies
of 0.44 and 0.8 for protein and amylose in rice diversity panel. Similar results were observed in our
STSE models for protein content (Fig 2). Whereas, lower prediction accuracy of amylose in our
diversity panel is probably due to the lack of sufficient low-amylose lines with the waxy gene (Boyles
et al., 2017). While we couldn’t find any previous genomic prediction studies on starch, fat and
gross energy, these traits are nutritionally one of the most important traits in cereal grains. The
moderate to high prediction accuracy observed suggests implementation of genomic selection can
improve genetic gain for these grain quality traits.

Multi-trait regressor stacking
One of the daunting tasks of genomic prediction is estimating the effects of unobserved individuals
and environments. As multiple traits are analyzed across several environments, the ability to combine

78

information from multiple traits and environments can be crucial in increasing accuracy of prediction
(Burgueño et al., 2012; Guo et al., 2014a; Jia et al., 2012). When the correlations among traits are
high, prediction accuracies of complex traits can be increased by using multivariate model that takes
this correlation into account (Jia et al., 2012; Montesinos-López et al., 2016). We fit a Bayesian
multi-environment (BME) model (2) that takes the genotype × environment effects into consideration.
In the GSDP, where environments were three years at the same location, the BME model showed a
slight decline (7%) in average prediction accuracy which was mostly due to the two traits, amylose
and fat (Supplementary Table S1). The RILs showed slight increase (2-3%) in prediction accuracy of
traits when averaged over the environments, but there was variability across the environments (S2
Table).
We implemented two functions [BMORS () and BMORS Env ()] which are not only used to
evaluate prediction accuracy but are also computationally efficient (Montesinos-López et al., 2019).
The BMORS model (3) performs two-stage training by stacking the multi-environment models from
all the traits. The five-fold cross validation conducted for BMORS was similar to the CV1 strategy
of Montesinos-López et al. (2016). The use of multi-trait models has been consistently shown to
increase prediction accuracy over single-trait models across different crops and traits (Bhatta et al.,
2020; Guo et al., 2014a; Jia et al., 2012; Lado et al., 2018). The multi-target regressor stacking
increased average prediction accuracy by 41% and 32% in the GSDP and RILs, respectively, as
compared to the STSE prediction accuracy. Average prediction accuracy of all traits improved in
BMORS over STSE and BME across both the populations (Fig 3). Consistent improvement in
accuracy of BMORS is a result of the ability to use not only correlation between traits but also
between environment in the model training (Montesinos-López et al., 2016, 2019). The ability to
accurately estimate genetic merit of lines in unobserved environments is of tremendous value in plant
breeding. Our results show potential of BMORS Env() function for predicting the whole environment.
Testing a whole environment by training BMORS model using all other environments resulted in
higher prediction accuracy for that trait-environment combination than using STSE or BME model.
Prediction accuracy of all environments were 0.5 or higher with exception of amylose in GSDP, the
reason for which we have discussed above (Fig 5, Table 2).
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Application for breeding
Grain quality traits such as starch and protein content have been under selection since the inception
of phenotypic selection in modern breeding practices. More recently, total energy supplement of
grain has gained attention for increasing feed efficiency in animal production, and a need exists
for increasing total calories for human nutrition in the wake of global malnutrition crisis. Despite
high correlations among these traits, the genetic variation underlying starch, protein and fat can
be decoupled. Boyles et al. (2017) have shown major and minor effect QTLs underlying the three
traits are distributed across the genome and are segregating in biparental populations. However,
in practice, selection would be conducted simultaneously for these traits using a selection index
rather than for individual traits. Velazco et al. (2019) observed an increase in predictive ability
by using a multi-trait model for grain yield and stay green in sorghum, and argue that such an
exercise would allow for using selection index for implementation of genomic selection for correlated
traits. Increased prediction accuracy, improved selection index, and estimation of precise genetic,
environmental and residual co-variances makes multi-trait multi-environment models preferable over
univariate models (Montesinos-López et al., 2016). The multi-trait regression stacking model we
tested shows large scale improvement in model prediction and can be used in tandem with Bayesian
multi-trait multi-environment (BMTME) model for parameter estimation and assessing prediction
accuracy. The ability to estimate genetic effects and breeding values of unobserved environments
will be of great advantage to predict performance in diverse environments and for implementation of
selection theory.

Conclusion
Phenotyping of grain compositional traits using near-infrared spectroscopy is labor-intensive, generally
destructive, and time limiting. Therefore, the use of genomic selection for these traits will be
extremely valuable. This study establishes the potential to improve genomics-assisted selection of
grain composition traits by using multi-trait multi-environment model. The phenotypic measurements
obtained from NIRS prediction were amenable to genomic selection as shown by moderate to high
prediction accuracy for single trait prediction. While multi-environment model alone didn’t lead to
much improvement over single environment model, stacking of regression from multiple traits showed
substantial improvement in prediction accuracy. The prediction accuracy increased by 32% and
41% in the RILs and GSDP, respectively, when using the Bayesian multi-output regressor stacking
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(BMORS) model compared to a single trait single environment model. The ability to predict line
performance in an unobserved environment is of great importance to breeding programs, and results
show high accuracy for predicting whole environments using BMORS.

Supporting information
S1 Fig.

Phenotypic distribution of grain composition traits in the RILs. In the x-axes,

SC: South Carolina, TX: Texas, numbers represent years. Values are percentage dry basis for protein,
fat and starch; gross energy is in KCal/lb; and amylose is in percent of starch.
S2 Fig.

Phenotypic distribution of grain composition traits in the GSDP. Numbers in

x-axes represent years. Values are percentage dry basis for protein, fat and starch; gross energy is in
Cal/g; and amylose is in percent of starch.
S3 Fig.

PCA analysis of correlation matrix between traits. a. GSDP, and b. RILs. Ams:

amylose, GE: gross energy, Prt: protein, Sta: starch, SC: South Carolina, TX: Texas. The numbers
in the text represent years of the environment.
S4 Fig.

Prediction accuracy using five-fold CV in Bayesian multi-environment (BME)

model. a. GSDP, and b. RILs. Legend represents the environment/years. SC: South Carolina, TX:
Texas. Pale blue dots represent the mean of prediction accuracy.
S5 Fig.

Heatmap for genomic relationship matrix calculated using vanRaden (2008).

a. GSDP, b. RILs. Trees show hierarchical clustering using Euclidean distance.
S1 Table.

Percent change in prediction accuracy over the single trait single environ-

ment model (STSE) model in the GSDP. BME: Bayesian multi-environment, and BMORS:
Bayesian multi-output regressor stacking.
S2 Table.

Percent change in prediction accuracy over the single trait single environ-

ment model (STSE) model in the RILs. BME: Bayesian multi-environment, and BMORS:
Bayesian multi-output regressor stacking.
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Crossa, José, Paulino Pérez-Rodrıguez, Jaime Cuevas, Osval Montesinos-López, Diego Jarquın,
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Pérez-Hernández, Kent M Eskridge, and Jessica Rutkoski (2016). “A genomic Bayesian multi-trait
and multi-environment model”. In: G3: Genes, Genomes, Genetics 6.9, pp. 2725–2744.
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Abstract
The grains of cereals are ultimate sink for macromolecules such as starch and protein which serve as
principal source of nutrition. Dissection of genetic basis of phenotypic variation for starch and protein
is important in metabolic engineering of grain. Genetic studies of starch and protein in sorghum,
a cereal crop, has involved single traits and metabolic network involved in their regulation are not
completely characterized. In this study we used univariate and multivariate (MV) linear mixed
models (LMM) to identify associated genomic regions, potential candidate genes and their interactors.
Six single nucleotide polymorphism (SNPs) in strong linkage disequilibrium (r2 >0.8) from ∼52 Mb
of chromosome 8 were significantly associated with starch content. Five of those SNPs were located
within mRNA of a heat shock protein 90 (HSP90), Sobic.008G111600, with two of them in the
coding sequences of the gene. The HSP90 had a total of 142 high confidence (PPI-score: 0.6) first
interactors and the network was enriched for six biochemical pathways including protein processing
and export. A SNP, S4 60623675, identified using MV-LMM model was located at 5’UTR of a
fatty acid desaturase gene, Sobic.004G260800, which interacted with another fatty acid desaturase
and several nitrate reductase genes. The two candidates, HSP90 and FAD2, were found to be
highly expressed in reproductive tissues. We conclude multivariate analysis of correlated phenotypes
can identify biologically important metabolic networks and functional analyses of identified gene
candidates can be beneficial in understanding grain filling in sorghum and other cereals.
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Introduction
The seeds of cereals, that represent an important sink for metabolites during grain filling, are principal
source of human and animal nutrition. Sorghum [Sorghum bicolor. (L.) Moench] is a cereal crop that
provides dietary staple for over half a billion people in semi-arid tropics (Mace et al., 2013). While
primarily used as animal feed in industrialized economies, the end use products of sorghum grain has
diversified to include baking, malting, brewing, and bio-fortification (Zhu, 2014). Understanding the
genetic basis of phenotypic variation in grain composition such as starch and protein could provide
the basis for metabolic engineering of these macromolecules through selective breeding.
Linkage mapping has been a powerful method to identify quantitative trait loci (QTL) that
cosegregate with a given trait but suffers from two fundamental limitations; only allelic diversity that
segregates between the parents can be assayed, and the amount of recombination from bi-parental
crosses places a limit on the mapping resolution (Korte et al., 2013). In contrast, genome-wide
association studies (GWAS) have mapped genetic variants associated to phenotypes to a much higher
resolution using whole genome markers in a diverse group of individuals. The cost effectiveness in
generating large scale genotypic data has now led to swathe of GWAS in crops and focus has shifted
towards computational challenges (Myles et al., 2009). Most application of GWAS has focused on
single traits, whereas phenotypes are usually correlated and might be controlled by genetic loci with
pleiotropic effects. Meanwhile, studies have shown that joint analysis of correlated phenotypes can
exploit the correlation among the phenotypes for detecting additional genetic variants with small
effects across multiple traits (Korte et al., 2012; Thoen et al., 2017; Carlson et al., 2019; Rice et al.,
2020). Some of the approaches to leverage correlation between traits in association analysis include:
use of ratios of directly related traits in univariate GWAS (Gieger et al., 2008), combining test
statistics from univariate GWAS of each trait to detect pleiotropic effects (Yang et al., 2010), using
dimension reduction technique to derive transformed phenotypes for univariate GWAS (Aschard
et al., 2014), and directly modeling multiple traits into a multivariate linear mixed models (Korte
et al., 2012; Zhou et al., 2014).
Association studies for grain quality has been reported in several cereal crops such as maize (Wilson
et al., 2004; Cook et al., 2012), rice (Zhao et al., 2011; Wang et al., 2017), sorghum (Sukumaran
et al., 2012; Rhodes et al., 2017), and wheat (Reif et al., 2011; Gaire et al., 2019). In diverse sorghum
accessions, starch and protein show continuous variation ranging from 60 to 72% and 8 to 18% of
total grain, respectively (Rhodes et al., 2017). Previous association analyses for starch and protein
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content have identified significantly associated genomic regions in sorghum (Sukumaran et al., 2012;
Rhodes et al., 2017; Boyles et al., 2017). Starch and protein content represent majority of grain
composition and are likely to be controlled by genetic loci with pleiotropic effects. Such genetic
loci could have gone undetected in single trait GWAS, and multivariate GWAS might be able to
identify such associations. Furthermore, the path from genetic association to biology is not always
straightforward because an association between a genetic variant and a trait may not be informative
with respect to the target gene (Gallagher et al., 2018). In this study, we implemented univariate
and multivariate linear mixed models for starch and protein content using sorghum association panel,
and identified candidate genes within significantly associated loci. We also performed candidate gene
network analysis using protein-protein interaction and studied expression profile of candidate genes
and their interactors.

Materials and Methods
Plant material
A panel of approximately 400 diverse sorghum accessions was planted in randomized complete block
design with two replications in 2013, 2014, and 2017 field seasons at the Clemson University Pee
Dee Research and Education Center in Florence, SC. This diversity panel, with over 80% of the
accessions from the original United States sorghum association panel (SAP) developed by Casa et al.
(2008), will be referred to as SAP. The details on experimental field design and agronomic practices
have been described in details in Boyles et al. (2016) and Sapkota et al. (2020). Succinctly, the
experiments were planted in a two row plots each 6.1 m long, separated by row spacing of 0.762
m with an approximate density of 130,000 plants ha−1 . Fields were irrigated only when signs of
drought stress was seen across the field. Primary panicle of three plants selected from each plot was
harvested at physiological maturity. The plants from beginning and end of the row were excluded to
account for border effect. Panicles were air dried to a constant moisture (10-12%) and threshed. A
25g of cleaned and homogenized subsample of grain ground to 1-mm particle size with a CT 193
Cyclotec Sample Mill (FOSS North America) was used in near infrared spectroscopy (NIRS) for
compositional analysis.
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Phenotypic data
A DA 7250TM NIR analyzer (Perten Instruments) was used for compositional analysis. The predicted
phenotypic values were obtained from the calibrated curves for spectral measurements of ground
grain samples. The calibration curve was built using wet chemistry values from a subset of samples.
The wet chemistry was performed by Dairyland Laboratories, Inc. (Arcadia, WI) and the Quality
Assurance Laboratory at Murphy-Brown, LLC (Warsaw, NC). The details on the prediction curves
and wet chemistry can be found in Boyles et al. (2017).
The phenotypic values were fitted into a linear mixed model analysis using lme4 package in R
(Bates et al., 2015; R Core Team, 2019). The following mixed model equation was fit:

yijk ∼ Gi + Yj + Gi × Yj + Yj × Rk + ijk

(1)

where yijk represents the phenotypic value for the combination of genotype i, year j, and
replication k ; Gi , Yj , Gi × Yj , and Yj × Rk are random effects of genotype, year, genotype-by-year,
and replication-by-year, respectively; and ijk is the random effect of residuals, with N (0, σ2 ). Best
linear unbiased predictors (BLUPs) for the traits were calculated as the random effects of genotypes
in the model. Variance components for genotype (G), environment/year (Y), and genotype ×
environment interactions were used to calculate the broad sense heritability:

H2 =

2
σG
2 +
σG

2
σG×Y

Y

+

σ2
YR

(2)

Genotypic data
The population was genetically characterized using genotyping-by-sequencing (Morris et al., 2013;
Boyles et al., 2016). Sequenced reads were aligned to the BTx623 v3.1 reference assembly (phytozome)
using Burrows-Wheeler aligner (Heng Li et al., 2010). TASSEL 5.0 pipeline was used for SNP calling,
imputation and filtering (Glaubitz et al., 2014). The missing genotypes were imputed using the
TASSEL plugin FILLIN (Swarts et al., 2014). Following imputation SNPs with minor allele frequency
(MAF) <0.01, and sites missing in more than 30% genotypes in diversity panel were filtered.
Genotypes with more than 10% of SNP sites missing were filtered. A total of 389 genotypes with
224,007 SNPs were used in the study. The SNP genotype file was converted into plink (Purcell et al.,
2007) binary ped and bed format for association and linkage disequilibrium (LD) analysis.
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Genome wide association analysis
Genome-wide association between SNPs and phenotypes were computed using a univariate or
multivariate linear mixed model (LMM) fit with GEMMA v0.94 (Zhou et al., 2012; Zhou et al., 2014).
Eigenvalues (-d) and eigenvectors (-u) from a genomic relationship matrix calculated using (VanRaden,
2008) was used to account for relatedness between individuals. P-values of each marker association
tests were computed using Wald’s statistics (-lmm 1). The SNPs with minor allele frequency less than
5% were filtered out during association analysis. Significance of marker association was determined
using bonferroni threshold ( αp ), where α = 0.05 and p = total number of markers.

Gene network and expression analysis
Candidate genes in LD with significantly associated SNPs were identified using annotations for
BTx623 v3.1.1 (phytozome). Python codes were used to isolate associated candidate genes from
annotation file and to convert gene names from Sobic to Sb gene format. Once converted, candidate
genes from associated region were used to identify their high confidence (0.6) first interactors
(neighbors) using sorghum protein interaction data from STRING v11.0 (www.string-db.org). Gene
expression results from Olson et al. (2014) was used to examine the gene expression pattern of genes
and interactors for various tissue types.

Results
Phenotypic analysis
We fit a linear mixed model to account for random effects due to environment. The genotypic
effects acccounted for about 30% and 45% of total variance in protein and starch, respectively
(Supplementary Table S1). The environmental variable (Year) didn’t have any effect on starch,
whereas year effects amounted to 17% of total variance for protein. Genotype × environment effect
was slightly higher for starch (14%) than for protein (10%). The broad sense heritability was high
for both protein (0.75) and starch (0.8). Both protein and starch were normally distributed, and
were strongly negatively correlated to each other (Fig 1).
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Figure 1. Distribution of the adjusted phenotypic mean (BLUPs). Right and left of the diagonal
shows scatterplot and density plot, respectively, and the diagonal shows histogram. ρ=pearson
correlation coefficient.

Association mapping
We filtered the SNPs with minor allele frequency less than 5% to avoid false positives. There were
no SNPs that were significantly associated with protein content (Fig 2a). Starch, on the other hand,
had four SNPs (S8 51720767, S8 51721062, S8 51721065, and S8 51726098) in chromosome 8 that
were above the significance threshold (Fig 2b). Since starch and protein were strongly correlated,
we fit a multivariate (MV) LMM to identify any other associated regions. We found two SNPs,
S4 60623675 and S4 63400335, in chromosome 4 that showed significant association for MV model
(Fig 2c). The SNPs on chromosome 8 that were significant for starch were also significant for the
MV-LMM. Additionally, two more SNPs (S8 51715166 and S8 51719704) on chromosome 8 nearby
the other associated SNPs were significantly associated in the MV analysis. All six significant SNPs
in chromosome 8 were in strong linkage disequilibrium (LD) with each other (Fig 3). We also fit
a univariate LMM for starch with protein as a covariate (say, StaCovPrt) to compare with results
from MV-LMM for starch and protein. All six chromosome 8 SNPs and the chromosome 4, SNP
S4 60623675, significant for MV-LMM were also significantly associated in the StaCovPrt model
(Fig 2d). Additionally, three SNPs near 64 Mb on chromosome 4 (S4 64019577, S4 64019590 and
S4 64019619) were also found to be significantly associated for the StaCovPrt, while the chromosome
4 SNP (S4 63400335) from MV-LMM didn’t show significant association in StaCovPrt. The SNPs in
chromosome 4 didn’t show strong LD with the neighboring SNPs (Supplementary Table S2).
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Figure 2. Manhattan plot showing genome-wide association using linear mixed model (LMM).
Subfigures show univariate LMM for a. protein and b. starch, and multivariate LMM for c. starch
and protein. Subfigure d. shows univariate LMM for starch with protein as covariate. Horizontal
dashed green line represents Bonferroni-corrected significance threshold for α=0.05. Quantile-quantile
plots for association analysis are presented as inset at top-left of subfigures. Significantly associated
SNPs are annotated in the plots.
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Figure 3. Linkage disequilibrium between significantly associated SNPs from chromosome 8.
R-squared values to the top of the diagonal and associated p-values are at the bottom of the diagonal.

Candidate genes
We identified potential candidate genes from significantly associated SNPs based on extent of LD
between SNPs in the associated regions. Since all chromosome 8 SNPs were in strong LD with
each other we identified genes within the range of 51715166 bp to 51726098 bp in chromosome 8
(Supplementary Table S2 ). Since chromosome 4 SNPs showed weak LD with neighboring SNPs, we
identify genes within 2 Kb of the significant SNPs as potential candidate genes.
A total of five candidate genes had significantly associated SNPs that were within or in proximity
of those genes (Table 1). All SNPs except one (S4 63400335) were localized within the mRNA of the
associated genes. One SNP, S8 51715166, was located in coding sequences (CDS) of a gene encoding
CASP like protein (Sobic.008G111500 ), whereas, the SNPs S8 51719704 and S8 51726098 were
situated within the CDS of a heat shock protein (HSP90-6; Sobic.008G111600 ). Three signficant
SNPs from ∼64 Mb region of chromosome 4 were located in the 3’UTR region of a Ring-H2 finger
protein, Sobic.004G301300. One SNP, S4 60623675, was localized in the 5’UTR region of fatty acid
desaturase (FAD2) gene, Sobic.004G260800.
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Table 1. Potential candidate genes from the significantly associated regions.
Gene
Name*
Chr Start
End
Sobic.004G260700 Uncharacterized protein 4
60621941 60622538
Sobic.004G260800 FAD2
4
60623621 60625764
Sobic.004G301300 RING-H2 finger protein 4
64018712 64019678
Sobic.008G111500 CASP-like protein 8
8
51714673 51715254
Sobic.008G111600 HSP-90-6
8
51719209 51726960
* Gene names based on annotated homologous maize genes..

Associated SNPs
S4 60623675
S4 60623675
3 SNPs
S8 51715166
5 SNPs

Gene network and expression
We used the string-db (or whichever) to identify high confidence (0.6) first interactors of candidate
genes. The two genes in chromosome 4 had a total of 10 first interactors (Fig 4). HSP90-6
(Sobic.008G111600 ), the only chromosome 8 gene with first neighbors, had a total of 142 interactors.
The gene interaction network for both sets of genes had higher number of protein-protein interaction
(PPI) than expected (PPI enrichment p-value <1e−16 ). Gene interaction networks from chromosome
4 and chromosome 8 were significantly enriched (FDR<0.001) for three and six biochemical pathways,
respectively (Supplementary Table S3). The chromosome 4 genes were enriched for biosynthesis
of unsaturated fatty acids, fatty acid metabolism and nitrogen metabolism pathways, whereas,
chromosome 8 genes were enriched for protein processing, protein export, spliceosome, endocytosis,
RNA degradation, and plant-pathogen interaction. Figure 5 shows expression atlas of chromosome 4
and chromosome 8 group of genes and interactors across various tissue types. While clear clustering
of genes with differential expression across reproductive and vegetative tissues was not seen, different
clusters of genes showed varying degree of transcript abundance across tissue types.
The FAD2 gene (Sobic.004G260800 ) in chromosome 4 interacted with another fatty acid desaturase
gene (DES2, Sobic.004G260600 ) which is located ∼570 Kb upstream from the FAD2 gene. Both
FAD2 and DES2 strongly interact with three nitrate reductase (NADH) genes, two of which located
in chromosome 4 at ∼55 Mb (Sobic.004G196101 ) and ∼65 Mb (Sobic.004G312500 ) while the other
is located around 58-59 Mb in chromosome 7 (Sobic.007G153900 ) (Figure 4). The FAD2 gene was
highly expressed in flower, embryo and shoot, whereas, its interactor DES2 had higher expression
in root tissues (Fig 6). The heat shock proteins are known to be molecular chaperones primarily
involved in drought and stress response but can also be involved in other molecular processes during
plant development (Yu et al., 1998; Khan et al., 2019). The gene expression results showed HSP-90
(Sobic.008G111600 ) to be highly expressed in floral meristem, plant embryo and vegetative meristem
compared to root, shoot, and flower tissues (Fig 6). The interactors of HSP90-6 included several
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Figure 4. Network of candidates genes (Sobic.004G260800.1 and Sobic.004G033460.1 ) and interactors from associated chromosome 4 SNPs.
HSP70 genes which were also highly expressed in reproductive tissues compared to root and shoot
tissues (Fig 6).

Discussion
Despite being two of the most studied grain quality phenotypes, large proportion of genetic variance
in starch and protein remains unexplained. In this study, we aimed to identify genetic loci associated
with starch and protein content in sorghum grain. We observed strong genotypic effect and some
genotype × environment effect for starch and protein in our population (Supplementary Table S1).
Previous studies have also reported high heritability for starch and protein in different populations
(Rami et al., 1998; Murray et al., 2008; Rhodes et al., 2017).
In our genome-wide association study, we used only the random genetic effects (BLUPs) to identify
marker trait association for strictly genetic effects. The lack of genetic association for protein content
could be due to smaller genetic effects and larger environmental effects on this trait. Starch, with no
environmental effect and larger genotypic effects, had genetic variants significantly associated with
the phenotype. Five SNPs (in strong LD with each other) from a single locus that encodes for a heat
shock protein (HSP) 90 (Sobic.008G111600 ), with two SNPs located on the coding sequence, showed
significant association. This loci was not identified during association mapping of starch in previous
studies using this population (Rhodes et al., 2017; Boyles et al., 2017). HSPs are common group of
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Figure 5. Heatmap showing gene expression analysis of interactors of candidate genes. The row
colors represents chromosome ’group’: purple and cyan represent chromosome 4 and 8 related genes,
respectively.
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Figure 6. Gene expression of candidate genes and some of their interactors. X-axis represents
various tissue types, and y-axis shows relative expression (TPM: transcript per million). HSP: heat
shock protein, FAD/DES: fatty acid desaturase, NADH: nitrate reductase. Expression data obtained
from Olson et al. (2014).
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protein found in eukaryotes and function as molecular chaperones that help in refolding proteins
denatured by heat and keep them from aggregating (Vierling, 1991; Boston et al., 1996). Two distinct
members of the Hsp70 family of stress-related protein were localized in the maize amyloplast and
form transient complexes with starch synthase 1 (SSI) and other stromal enzymes (Yu et al., 1998).
In Japanese sake-brewing rice rich in starch content, the HSP70 protein was highly abundant in
amyloplast compared to cytosol and its concentration was elevated during the later stages of grain
development (Kamara et al., 2009). The HSP90 gene in this study was seen to be strongly interacting
with numerous molecular chaperones including HSP70. Since the HSP90 and interacting HSP70
proteins showed higher expression in the embryo and floral meristem compared to root and shoot
tissues, they are likely important candidates responsible for protein processing and export during
grain filling in sorghum.
For complex traits, understanding if a genetic variant affects multiple phenotypes simultaneously
(pleiotropy) or affects one phenotype through affecting another phenotype is one of the major
challenge (Yang et al., 2012). Starch and protein constitute most of the grain composition and display
a strong negative correlation. We identified additional marker trait associations when: 1) starch and
protein were fit as dependent variables in a multivariate mixed model, or 2) when protein was fit
as independent variable for a model with starch as dependent variable. This approach helped us
identify an important variant, S4 60623675, which showed significant association in both of the above
mentioned models and was located in the 5’ UTR of a fatty acid desaturase gene (Sobic.004G260800 ).
The fatty acid desaturase gene interacted with two more desaturase genes and three nitrate reductase
genes, forming a network that is highly enriched for biochemical pathways for fatty acid and nitrogen.
One of the interacting desaturase genes (DES2, Sobic.004G260600 ) is involved in the biosynthesis
of aliphatic side chain of sorgoleone by converting palmitoleic acid to hexadecadienoic acid (Pan
et al., 2007). Sorgoleone is a phytotoxic secondary metabolite that plays a direct role in allelopathic
interactions. Sorgoleone is known to inhibit photosynthesis, but the relationship between Sorgoleone
biosynthesis pathway and seed development is unclear (Einhellig et al., 1993). Rhodes et al. (2017)
have previously reported significantly associated variants for protein and fat around 57-58 Mb of
chromosome 4 which is ∼2-3 Mb from our associated SNPs. The high expression of HSP90 gene in
plant embryo combined with a candidate SNPs in the fatty acid desaturase gene identified using
MV-LMM hints at possible connection between the biochemical pathways for starch, protein and fat
content during grain development. The enrichment of biochemical pathways involving these genes
and their high expression in reproductive tissues warrants further characterization and functional
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analysis of these candidates.
In conclusion, we were able to identify a previously uncharacterized genomic region associated
with starch content using univariate LMM. The genomic region harbored a heat shock protein which
shows strong protein-protein interaction and its network is enriched for several biochemical pathways.
Additionally, we also showed that use of MV-LMM for correlated traits can help identify additional
genomic regions that go undetected with the univariate GWAS of single traits. The candidates of
this study might be involved in intricate metabolic pathway and represent possible pleiotropic targets
for source-sink activities during grain filling.

Supporting Information
Supplementary information is included in Appendix C.

Data availability
The codes and data used in the study are available at github.com/sirjansapkota/StarchProtein.
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Korte, Arthur, Bjarni J Vilhjálmsson, Vincent Segura, Alexander Platt, Quan Long, and Magnus
Nordborg (2012). “A mixed-model approach for genome-wide association studies of correlated
traits in structured populations”. In: Nature genetics 44.9, p. 1066.
Li, Heng and Richard Durbin (2010). “Fast and accurate long-read alignment with Burrows–Wheeler
transform”. In: Bioinformatics 26.5, pp. 589–595.
Mace, Emma S, Shuaishuai Tai, Edward K Gilding, Yanhong Li, Peter J Prentis, Lianle Bian,
Bradley C Campbell, Wushu Hu, David J Innes, Xuelian Han, et al. (2013). “Whole-genome
sequencing reveals untapped genetic potential in Africa’s indigenous cereal crop sorghum”. In:
Nature communications 4, p. 2320.
Morris, Geoffrey P, Punna Ramu, Santosh P Deshpande, C Thomas Hash, Trushar Shah, Hari D
Upadhyaya, Oscar Riera-Lizarazu, Patrick J Brown, Charlotte B Acharya, Sharon E Mitchell,
et al. (2013). “Population genomic and genome-wide association studies of agroclimatic traits in
sorghum”. In: Proceedings of the National Academy of Sciences 110.2, pp. 453–458.
Murray, Seth C, Arun Sharma, William L Rooney, Patricia E Klein, John E Mullet, Sharon E Mitchell,
and Stephen Kresovich (2008). “Genetic improvement of sorghum as a biofuel feedstock: I. QTL
for stem sugar and grain nonstructural carbohydrates”. In: Crop Science 48.6, pp. 2165–2179.
Myles, Sean, Jason Peiffer, Patrick J Brown, Elhan S Ersoz, Zhiwu Zhang, Denise E Costich, and
Edward S Buckler (2009). “Association mapping: critical considerations shift from genotyping to
experimental design”. In: The Plant Cell 21.8, pp. 2194–2202.
Olson, Andrew, Robert R Klein, Diana V Dugas, Zhenyuan Lu, Michael Regulski, Patricia E Klein,
and Doreen Ware (2014). “Expanding and vetting Sorghum bicolor gene annotations through
transcriptome and methylome sequencing”. In: The Plant Genome 7.2.
Pan, Zhiqiang, Agnes M Rimando, Scott R Baerson, Mark Fishbein, and Stephen O Duke (2007).
“Functional characterization of desaturases involved in the formation of the terminal double bond
of an unusual 16: 3∆9, 12, 15 fatty acid isolated from Sorghum bicolor root hairs”. In: Journal of
Biological Chemistry 282.7, pp. 4326–4335.

104

Purcell, Shaun, Benjamin Neale, Kathe Todd-Brown, Lori Thomas, Manuel AR Ferreira, David
Bender, Julian Maller, Pamela Sklar, Paul IW De Bakker, Mark J Daly, et al. (2007). “PLINK: a
tool set for whole-genome association and population-based linkage analyses”. In: The American
journal of human genetics 81.3, pp. 559–575.
R Core Team (2019). R: A Language and Environment for Statistical Computing. R Foundation for
Statistical Computing. Vienna, Austria. url: https://www.R-project.org/.
Rami, J-F, Philippe Dufour, Gilles Trouche, Geneviève Fliedel, Christian Mestres, Fabrice Davrieux,
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Chapter 5

Summary and Future Directions
Crop breeding has long benefited and will continue to benefit from the understanding and
application of population and quantitative genetics. In my doctoral research, I studied genetic
basis of quantitative inheritance for grain yield and quality and applied computational methods for
genomics-assisted breeding in sorghum. The three research chapters (Chapter 2, 3 and 4) represented
the three objectives that were pursued during the course of my doctoral degree.
The motivation behind Chapter 2 was to understand how population structure and genetic
diversity within subpopulation affects genomic prediction accuracy in sorghum. While impact of
population structure on genomic prediction had been studied previously in maize and rice (Guo
et al., 2014), no such study in sorghum existed prior to our investigation. In Sapkota et al. (2020),
we showed having similar population structure between training and testing populations impacts
prediction accuracy positively. This observation is similar to observations in maize and rice diversity panels, however, the large difference in prediction accuracy between within subpopulation
and across subpopulation predictions was much more subtle in sorghum than it was in maize and
rice. As racial structure is strongly tied to population structure, the large contribution (30-50%)
of races to covariance for panicle and yield traits in stratified sampling method wasn’t surprising.
However, one take way based on within and across race predictions can be that genetic diversity and
shared alleles can be as important as genomic relationship in diverse and structured populations.
Sorghum breeding has largely relied on phenotypic selection, and as a result strong biases towards
races with favorable panicle architecture have justifiably existed. During the pre-breeding exercises
where expansion of genetic and phenotypic diversity is important, breeder’s biases towards early
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generation selection based on phenotypic appearance could, however, limit genetic gain by limiting
genetic variance. Our results from this investigation suggests increasing genetic diversity by including not only the US sorghum breeding ideotypes but also germplasm that allow exploiting racial
differences would be beneficial. To that objective, including more guinea and bicolor accessions
as training individuals for screening germplasm for pre-breeding would be advantageous because
our results show that accessions in these races boost prediction accuracy when used as training or
testing population. A study of several biparental populations or multiparental recombinant inbred
populations in sorghum to examine cross validation strategies such as ours would be valuable for
insights into effects of family structure in prediction accuracy.
Two motivating factors were driving the research in Chapter 3: a) phenotyping using nearinfrared spectroscopy is labor-intensive, generally destructive, and time limiting; and b) finding and
testing models to incorporate multi-dimensional data structure of breeding programs. Our results
show high accuracy of prediction for grain compositional traits, and that prediction accuracy can be
increased substantially by accounting for genotype × environment variance and trait correlations.
The ability to predict line performance in an unobserved environment is of great importance to
breeding programs, and results show high accuracy for predicting whole environments using Bayesian
multi-output regressor stacking (BMORS) model. This prediction model needs to be tested on more
populations and traits, especially for grain yield components because traits such as grain number
and grain size that are strongly negatively correlated can benefit from models that can exploit the
trade-offs during selection.
Several association studies have previously been conducted for starch and protein content
using the US sorghum association panel (Boyles et al., 2017; Rhodes et al., 2017; Sukumaran et
al., 2012). In our Chapter 4, we conducted association analysis using univariate and multivariate
linear mixed models (LMM) for best linear unbiased predictions (BLUPs) of starch and protein.
For univariate LMM, protein didn’t show any significant marker trait associations, but we were
able to identify a previously uncharacterized genomic region in chromosome 8 that is associated
with starch content. For multivariate LMM using starch and protein, we were able to identify
additional significantly associated variants in chromosome 4. We identified two potential candidate
genes, one from chromosome 8 (HSP90) and another from chromosome 4 (FAD2) that showed strong
protein-protein interactions with several first neighbors. Since these genes showed relatively high
expression in reproductive tissues and were also enriched for biochemical pathways, they might
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be important candidates involved in biochemical processes during grain filling. Further analysis
for these associated regions would involve identifying different haplotypic groups and check for
phenotypic variation associated with haplotypic variation. Since two SNPs were situated within
coding sequences of HSP90, study of variant effect on gene function and protein confirmation will
be another follow up analysis.
Lastly, genomic selection has brought about paradigm shift in plant breeding. While this
study is a puzzle-solving science, I believe it will provide information that will act as stepping stone
in streamlining application of genomic selection in sorghum breeding. In bigger picture, data science
has changed the intensity of scientific progress. However, it will never replace the need for sound
science which I believe stands tall on the shoulders of plausible hypothesis set forth by detailed
scientific process.
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Supplementary Figure S1. Cross validation (CV) of error for number of clusters (K = 1
to 18) in admixture.
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Supplementary Figure S2. Cross-validation accuracy for 36 kafir accessions using
combination of one or many other races as training population. Method: We randomly
sampled 36 kafir accessions and used it as validation population for the all cross-validation
runs. The training population size used was always 36 individuals. A total of 36, 18, 12,
and nine individuals from each training race was used when one, two, three, and four
training race were used, respectively. The alphabets in x-axis represent races: M = mixed,
C = caudatum, D = durra, and G = guinea. Colors in bars represent traits: GN= grain
number, GW = grain weight, GY = grain yield, and PH = plant height. The respect

Prediction accuracy (r)

numerical values for prediction accuracies are shown at the top of the bars.
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Supplementary Figure S3. Allele frequency spectra for minor alleles across accessions
within each race. The minor alleles were plotted at binwidth of 0.02 with total number
(count) of alleles with that minor allele frequency.
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Supplementary Table S1. Genetic differentiation between the races based on Fst (bottom
and left of the diagonal) and Euclidean distance between centroids (top and right of the
diagonal) of race clusters from first five principal components.
Mixed
Mixed

Kafir

Durra

Caudatum Guinea

41.12

38.2

30.07

36.03

61.34

60.79

63.12

54.76

55.32

Kafir

0.08

Durra

0.07

0.16

Caudatum 0.05

0.15

0.13

Guinea

0.17

0.12

0.07

54.71
0.14
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Supplementary Table S2. Mean and standard deviation of all phenotypic traits by sorghum races. BL, terminal branch length;
DTA, days to anthesis; FLH, flag leaf height; GN, grain number; GW, grain weight; GY, grain yield; PH, plant height; PL,
panicle length.
Race

DTA

PH

GN

cm

GW

GY

FLH

PL

BL

g

g

cm

cm

cm

Caudatum 75 ± 8

119.74 ± 43.18

1472 ± 407

24.99 ± 4.87 47.13 ± 13.47 90.15 ± 40.91 19.93 ± 4.04 6.31 ± 1.94

Durra

78 ± 10

124.18 ± 47.59

1118 ± 362

21.53 ± 5.66 33.05 ± 12.55 87.2 ± 38.89

Guinea

70 ± 8

127.02 ± 49.08

1032 ± 423

25.21 ± 6.69 35.06 ± 17.08 81.97 ± 19.36 28.73 ± 6.44 9.74 ± 3.13

Kafir

71 ± 6

130.74 ± 55.9

1404 ± 409

22.07 ± 4.25 39.6 ± 11.69

95.9 ± 47.08

21.87 ± 4.07 7.37 ± 1.78

Mixed
Total

71 ± 8
74 ± 8.5

131.21 ± 50.38
125.2 ± 48.2

1228 ± 419
1301 ± 433

21.69 ± 6.12 34.08 ± 12.34 92.68 ± 36.8
23.23 ± 5.6 39.48 ± 14.5 90.11 ± 39.3

23.55 ± 6.08 8.36 ± 2.99
21.69 ± 6
7.43 ± 3.07
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19.84 ± 6.8

7.56 ± 4.40

Supplementary Table S3. Mean estimates of variance and covariance for WR and AR prediction in CV2 method. AR, Across
race; WR, within race.
covariance

variance (predicted values)

Trait

WR

AR

WR

AR

Terminal branch length (BL)

271.53

35.42

216.38

34.67

Days to anthesis (DTA)

5.95

1.31

6.06

1.84

Flag leaf height (FLH)

294.55

63.44

268.16

31.94

Grain number per panicle (GN)

8419.33

7350.35

8115.08

5448

1000-grain weight (GW)

8.5

2.16

6.17

1.22

Grain yield per panicle (GY)

20.31

13.14

14.68

9.14

Plant height (PH)

503.43

236.2

455.17

117.51

Panicle length (PL)

4.9

0.75

4.26

1.14
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Supplementary Table S4. Mean prediction accuracies by races for WR and AR prediction in CV2 method. Higher mean
prediction accuracy for each trait across all races and methods is highlighted in bold. Values represent mean ± standard deviation.
Traits

Primary
length

Caudatum

Durra

WR

WR

AR

branch 0.21 ± 0.03
0.04
0.20

Guinea
AR

WR

Kafir
AR

WR

Mixed
AR

WR

AR

± 0.81 ± 0.25
0.06
0.28

± 0.23
± 0.09

0.23 ± 0.26 ± 0.10 ± 0.39
0.38 ±
0.39
0.11
0.24
± 0.05 0.28

Days to anthesis

0.55 ± 0.34
0.02
0.21

± 0.33 ± 0.00
0.06
0.25

± -0.07
± 0.08

0.00 ± 0.06
0.44
± 0.07

0.06 ± 0.33 ± 0.18 ±
0.25
0.04
0.25

Flag leaf height

0.48
± 0.03

0.47
0.19

± 0.66 ± 0.50
0.03
0.24

± 0.00
± 0.10

0.01 ± 0.46
0.39
± 0.05

0.42 ± 0.44 ± 0.32 ±
0.24
0.05
0.32

Grain number

0.36 ± 0.21
0.03
0.18

± 0.33 ± 0.09
0.06
0.25

± 0.18
0.12

± 0.34 ± 0.13 ± 0.28 ± 0.26 ± 0.42 ±
0.41
0.07
0.24
0.09
0.25

1000-grain weight 0.54 ± 0.29
0.03
0.21

± 0.62 ± 0.45
0.01
0.28

± 0.77
0.02

± 0.48 ± 0.65 ± 0.22 ± 0.49
0.31
0.02
0.24
± 0.04

Grain yield

0.32 ± 0.19
0.04
0.18

± 0.43 ± 0.24
0.05
0.27

± 0.53
± 0.05

0.44 ± 0.28 ± 0.43 ± 0.23 ± 0.46 ±
0.41
0.06
0.19
0.09
0.27

Plant height

0.55
± 0.03

± 0.62
± 0.03

0.54
0.20

± 0.21
± 0.06

0.27 ± 0.54
0.42
± 0.04

0.51 ± 0.37
0.19
± 0.05

0.40 ±
0.24

Panicle length

0.25 ± 0.02
0.07
0.17

± 0.79 ± 0.29
0.04
0.27

± 0.02
± 0.13

0.10 ± -0.07
0.46
± 0.09

-0.03 ± 0.25
0.27
± 0.07

0.21 ±
0.29

Average

0.41 ± 0.26
0.14
0.26

± 0.57 ± 0.30
0.18
0.31

± 0.23
± 0.28

0.23 ± 0.29
0.44
± 0.24

0.25 ± 0.35
0.30
± 0.11

0.35 ±
0.28

0.55
0.16
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S1 Fig. Phenotypic distribution of grain composition traits in the RILs. In the x-axes, SC:
South Carolina, TX: Texas, numbers represent years. Values are percentage dry basis for protein,
fat and starch; gross energy is in KCal/lb; and amylose is in percent of starch.
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S2 Fig. Phenotypic distribution of grain composition traits in the GSDP. Numbers in x-axes
represent years. Values are percentage dry basis for protein, fat and starch; gross energy is in
Cal/g; and amylose is in percent of starch.
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S3 Fig. PCA analysis of correlation matrix between traits. a. GSDP, and b. RILs. Ams:
amylose, GE: gross energy, Prt: protein, Sta: starch, SC: South Carolina, TX: Texas. The
numbers in the text represent years of the environment.
a.

b.
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S4 Fig. Prediction accuracy using five-fold CV in Bayesian multi-environment (BME)
model. a. GSDP, and b. RILs. Legend represents the environment/years. SC: South Carolina,
TX: Texas. Pale blue dots represent the mean of prediction accuracy.
a.

b.
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S5 Fig. Heatmap for genomic relationship matrix calculated using vanRaden (2008). a.
GSDP, b. RILs. Trees show hierarchical clustering using Euclidean distance.
a.

b.
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S1 Table. Percent change in prediction accuracy over the single trait single environment
model (STSE) model in the GSDP. BME: Bayesian multi-environment, and BMORS: Bayesian
multi-output regressor stacking.
2013
Trait
Amylose
Fat
Gross energy
Protein
Starch
Average

BME
-11
-24
3
-3
4
-6

2014
BMORS
66
47
54
56
37
52

BME
-5
-12
-2
-1
-2
-4
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2017
BMORS
11
47
40
55
38
38

BME
-13
-27
1
-8
1
-9

BMORS
-13
58
57
52
17
34

S2 Table. Percent change in prediction accuracy over the single trait single environment
model (STSE) model in the RILs. BME: Bayesian multi-environment, and BMORS: Bayesian
multi-output regressor stacking.
Trait
Amylose
Fat
Gross energy
Protein
Starch
Average

SC2014
BME
BMORS
2
28
5
33
7
28
10
51
5
36
6
35

SC2015
BME
BMORS
0
28
1
15
-3
27
1
23
-4
40
-1
27
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TX2014
BME
BMORS
-1
25
2
18
1
18
5
60
7
54
3
35

TX2015
BME
BMORS
12
43
2
20
3
17
-4
33
4
37
3
30
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Supplementary Table S1. Variance components for the linear mixed models fit using genetic
and environmental variables.

Starch
Protein

Geno ´ Year ´
Intercept Geno
Year
Year
Rep
Residual Total
H2
68.272
3.364
0
1.07
0.141
2.922
7.497
0.799
12.044
0.869
0.494
0.279
0.066
1.155
2.863
0.753
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Supplementary Table S2. Pariwise linkage disequilibrium between association SNPs and their
neighboring SNPs. R2: correlation coefficient, Chr: Chromosome. SNP: single nucleotide
polymorphism.
Chr SNP1 Position SNP1
Chr SNP2
4
60623675
4
60623675
4
60623675
4
60623675
4
60623675
4
60623675
4
63400335
4
63400335
4
63400335
4
64019590
4
64019590
4
64019590
4
64019590
4
64019590
4
64019590
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166
8
51715166

4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
8
8
8
8
8
8
8
8
8
8
8
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Position SNP2
R2
60577500 0.012
60623655 0.513
60623675
1
60624201 0.941
60624444 0.921
60626903 0.001
63380566 0.004
63400335
1
63426489 0.031
64018526 0.009
64019122 0.745
64019577
1
64019590
1
64019619
1
64028856 0.014
51695627 0.057
51715166
1
51719632 0.219
51719659 0.225
51719688 0.216
51719704 0.993
51720767 0.938
51721062 0.816
51721065 0.794
51726098 0.812
51727032 0.061

Supplementary Table S3. KEGG Pathway enrichment results for significantly associated
genomic regions. FDR: false discovery rate, Observed and Expected refer to the gene count for
the network.
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